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Abstract

The rapid increase in data size along with the complex patterns of data usage amongst
data scientists presents new challenges for large-scale data analytics systems. Modern dis-
tributed computing frameworks must support complex applications that range from answer-
ing database queries to training machine learning models. As data centers have grown,
managing their resources has become an increasingly important task. New applications
have become popular that make traditional scheduling systems inadequate.

In this thesis, we present distributed scheduling systems aimed at increasing cluster
resource utilization by taking advantage of specific characteristics of data processing ap-
plications. First, we identify a set of applications whose characteristics make them prime
targets for utility-based scheduling. We then focus on two specific types of these applica-
tions in the following systems:

(1) SLAQ: a cluster scheduling system for machine learning (ML) training jobs that
aims to maximize the qualities of all models trained. In exploratory model training, models
can be improved more quickly by redirecting resources to jobs with the highest potential for
improvement. SLAQ reduces latency and maximizes the quality of models being trained
by a distributed ML cluster.

(i1) ReLAQS: a cluster scheduling system for incremental approximate query process-
ing (AQP) systems that aims to minimize the error of all approximate results. In AQP,
queries compute approximate results by sampling data. In AQP, error can be reduced more
quickly by allocating resources to queries with higher error. ReLAQS reduces the latency
required to reach a query result with a given level of error in a shared AQP environment.

These works demonstrate a novel set of methods that can be used in fine-grained
scheduling to build responsive, efficient distributed systems. We have evaluated these
systems on standard benchmark workloads and datasets, as well as popular ML algorithms,

and show both reduced latency and increased accuracy of intermediary results.
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Chapter 1

Introduction

1.1 Distributed Data-Driven Approximate Applications

Modern data scientists use distributed computing platforms to process huge amounts of
data. They write applications to analyze data, discover relationships, and make decisions
about real-world problems. The applications using these platforms vary greatly — while
some simply apply a single operation to each piece of data, others are more complex.
The complex nature of these applications, combined with the spectacular growth of data

presents new challenges to the distributed systems these applications are built upon.

Limited Cluster Resources The growth in resource demands that naturally accompanies
these applications has outpaced the growth in processor capabilities, as Moore’s Law comes
to an end [107]. In the past, Moore’s Law guaranteed that performance gains would come
easily with newer hardware. However, as distributed data analytics jobs grow, the cost of
extra resources has lead to high resource contention. Distributed data analytics jobs must

therefore be resource-aware to ensure reasonable job latencies.

Users Share Clusters The users of these distributed analytics clusters tend to share these
clusters in an effort to save money. They share them with other data scientists, other or-

ganizations, or even other jobs they themselves submit. When data scientists submit jobs
1



to these clusters, the usage patterns follow their diurnal working patterns. When jobs are
instead submitted by applications, they tend to follow the usage patterns of the users of the
applications. When many users or organizations share the same cluster, they can expect to

experience contention as many jobs are submitted simultaneously.

Approximate Applications are Popular Within the data analytics world, machine learn-
ing applications have become wildly popular. The vast majority of these are approximate
in nature — the underlying optimization problems they solve do not have an exact answer,
and instead iterate towards a more accurate result. On the other hand, the huge jump in
data sizes has lead to the adoption of distributed approximate applications that give slightly
erroneous answers with significantly shorter latencies than traditional applications. These
popular applications provide unique challenges, exploring a tradeoff space that provides

opportunities for reducing some of the contention faced by these clusters.

1.2 Challenges for Existing Distributed Data-Driven Approximate

Systems

Modern distributed systems face several key challenges as the machines they run on and
the types of applications submitted to them change. Furthermore, as they become more ac-
cessible, users may have less knowledge of the system, moving some key design decisions

from the shoulders of application developers to the system itself.

Distributed Data Analytics are Complex The applications that analyze large amounts
of data on shared clusters are often complex computational applications. In Apache Spark,
jobs can be composed of hundreds of computational stages [[121], greatly affecting the par-
allelizability of the application and causing computational slowdown due to the straggler
effect [91]]. To further complicate these jobs, users may use libraries that hide the com-

plex nature of these applications, such as SparkSQL, causing the applications to be more

2



complex than expertly-tuned applications. As web dashboards and other data-heavy web
applications have become more common, we’ve seen the rise of complex queries in high
volume.

In ML workloads, jobs can take hundreds or thousands of steps to converge to an an-
swer. Moreover, in distributed clusters, decisions about how to synchronize ML models
complicate things, introducing tradeoffs between computational and network bandwidth
overheads. As ML has progressed in recent years, the hyperparameter space has exploded,
leading practitioners to explore thousands of combinations of settings in order to find the
most highly tuned models [82]. This further taxes the resources available as single users

may be submitting many jobs to quickly obtain quality results.

The Growth of Data It is well known that large datasets are growing much more quickly
than processing power [39]. In Machine Learning, training datasets have grown huge as
technology companies collect huge amounts of information about users. This is born out
by the MovielLens dataset with over 22 million ratings [S9] or ImageNet [49] with 14
million images precategorized. As deep learning has become more popular, these data
sizes have only grown. These large datasets introduce difficulties as ML requires scanning
the entire dataset many times. Furthermore, growing model sizes introduce interesting and
complicated tradeoffs.

In distributed databases, the growth of data introduces challenges as well. Query plans
must include resource availability and other information about a cluster’s nodes to get the

most out of a cluster [84]].

1.3 Resource Management in Distributed Clusters

As clusters are shared between a group of users and organizations, understanding how to
equitably partition resources between users is imperative. Resource management systems

have been adopted to coordinate all of the resources a cluster shares. These resource sched-
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ulers are sometimes themselves distributed, to avoid becoming a bottleneck [92]] and to be
more robust to failures.

Typically, the scheduler can be organized in a two-layer architecture. The job-level
scheduler is in charge of allocating resources evenly between different jobs active in the
system, representing different computing tasks belonging to different users. The policies
of this layer generally aims to partition the resources of the underlying system equally
between jobs, attempting to obtain fair-share of resources.

By contrast, the fask-level scheduler is in charge of assigning tasks, or subcomputations
of jobs, to individual nodes to maximize the usage of the resources available in the cluster.
The policies this layer uses to accomplish this typically involve intelligently partitioning
jobs to achieve an even balance between scheduling overhead and responsiveness. For
example, a task belonging to a SQL processing job may complete a filter on a single tuple;
this would incur significant overhead as each individual tuple must be scheduled on a node
in the system. On the other hand, a task representing the same filter on 1 GB worth of
tuples would have high latency, leading to bottlenecks in processing.

Traditional cluster resource management systems treat these applications as blackboxes
— while they may get general information from the user about job deadlines, priorities, or
other strategies, the applications themselves provide no data to the scheduler.

In this thesis, we present the design of a scheduler for a subset of big data analytics
approximate applications. These applications are popular in large companies and can be
run on thousands of nodes. Thus, increasing the utility of the work done on these clusters

can both help these systems monetarily as well as from an energy consumption standpoint.

e We identify the properties of approximate applications for which our approach is
best suited, and discuss some specific examples of these applications. We describe
the potential benefits of scheduling these approximate applications by their utilities

compared to standard solutions. We also discuss the requirements these applications



must meet, the challenges we will need to tackle to take our approach, and the usage
patterns these applications typically are used in that further motivate our approach.
e Machine Learning is a specific example of these applications and we delve in to the
unique challenges the most popular ML applications face. We designed and evaluated
SLAQ, a scheduling system for ML applications.
e Online Aggregation is another example of these applications. We design ReLAQS to
schedule these applications, and discuss some of the unique challenges facing Online

Aggregation, as well as the common settings in which it is used.

1.4 Contributions

SLAQ is a cluster scheduler for Machine Learning jobs that aims to maximize the qual-
ity of the models. SLAQ allocates resources based on an ML job’s model quality and the
overall system contention. The key intuition behind SLAQ is that the usefulness of com-
putation in ML training jobs is reduced over time, producing diminishing returns. Instead
of wasting computation on these jobs, we argue that more resources should be given to
other jobs whose potential for progress is higher. By continually monitoring the history of
model quality and runtime, SLAQ generates quality predictions for future iterations. SLAQ
estimates the impact resource allocation would have on model quality and adjusts the re-
source allocations of all active jobs to best utilize the limited cluster resources. The SLAQ
scheduler is lightweight and fine-grained to allow resource allocations to quickly adjust to
changes in job progress.

ReLAQS is a cluster scheduler for Online Aggregation jobs that aims to minimize the
error of the intermediate results. ReLAQS allocates resources based on an Online Aggre-
gation job’s estimated error and the overall system contention. As with SLAQ, ReLAQS
estimates the usefulness of computation in online aggregation jobs as they complete. We
show that online aggregation jobs produce diminishing returns after the initial mini-batches

have completed. ReLAQS monitors the results produced by each mini-batch, and uses that

5



to estimate the total progress of each online aggregation job. Using that information, Re-
LAQS redistributes resources to minimize the total error of all approximate results of active

jobs in the cluster.



Chapter 2

The case for utility-based scheduling for approxi-

mate applications

2.1 Introduction

As outlined in Chapter |1} high resource contention in shared clusters can lead to high la-
tency. As a many jobs are submitted simultaneously to a shared cluster, the cluster can
become bogged down. In this chapter, we will discuss a set of applications that can benefit
from utility-based scheduling. We will lay out how to identify these applications, the prop-
erties these applications must have, the potential benefits of utility-based scheduling, and

the potential drawbacks.

2.2 Approximate Applications and Their Properties

An approximate application is one that returns an approximate result in exchange for a
shorter runtime, or fewer resources. Some of these applications behave similarly to an exact
application, returning one approximate result after completing computation. Incremental
approximate applications, on the other hand, return approximate results throughout the
execution of an application. Below, we’ve shown three examples of an application that finds
the average of numbers 1 to 100. Algorithm [l represents an exact application that runs to

7



completion before returning an exact answer. Algorithm [2]is an approximate version of the
same application that returns an approximate result after only a fraction of the time. Lastly,
Algorithm (3| is the incremental approximate version of that same application, returning
approximate results throughout the course of the run, increasing in accuracy over time.

These incremental approximate applications are what we will be focusing on in this chapter.

Algorithm 1 Exact
I: numbers <« scramble(l,100)
2: sum+<0
3: forie[l,...,100] do

4: sum ¢— sum+ numbersl|i
5: print(sum/100)

Algorithm 2 Approximate
I: numbers < sample (scramble(1,100),10)
2: sum<0

: foric[l,...,10] do

4: sum ¢— sum+ numbersi

5: print(sum/10)

(O8]

Algorithm 3 Incremental Approximate
I: numbers <« scramble(l,100)
2: sum+<0
3: forie|[l,...,100] do
4: sum ¢— sum+ numbersl|i
5 if i mod 10 ==0 then

6: print(sum/i)

Goodput versus Throughput In computer networks, the concept of throughput de-
scribes how many bits are transferred from one application to another over a given amount
of time. By contrast, goodput describes how many useful bits are transferred from one
application to another. If an application sends the same information over and over, its

throughput exceeds its goodput. In a resource-constrained environment in which overall
8



bandwidth is limited, it would make sense to throttle applications with a low goodput
to throughput ratio, allowing the network to transmit more useful data. Similarly, in a
shared cluster, if an application produces less goodput, or utility with the same resources as
another application, it would make more sense to provide those resources to the application
that can produce more useful computation. In fact, many schedulers already do this — a
cluster manager may declare a higher priority for one application over another, and popular
schedulers will provide more resources to those applications, increasing the overall utility

of the whole system.

TPC-H Q19 Gradient Boosted Trees
1.0
105
0.8
100
>0.6 >
= £ 95
= =
204 =) 20
0.2 g5
0.0 80
0 20 40 60 80 0 50 100 150 200 250
Mini-Batch Number Iteration
(a) TPC-H Q19 Estimated Utility (b) Gradient Boosted Trees Utility

Figure 2.1: These applications are examples of applications whose utility fades over the
runtime of an application. Note that utility drops sublinearly depending on properties
unique to each application.

Diminishing Returns in Distributed Data Analytics When applications have constant
utility over the entire course of the runtime, it’s somewhat trivial to apportion resources
accordingly. However, in many distributed data analytics applications, the usefulness of
the computation is not constant over the runtime of the application. Many incremental ap-
proximate applications, including machine learning applications, optimization problems,
and online aggregation produce diminishing returns over time. In particular, these applica-
tions must produce results that have value at intermediate results for users. In Figure [2.1]
we show a few sample applications and their estimated results’ utility over time. While
each application uses the same amount of resources throughout its full run, the utility of

9



their intermediate results drops over the course of their run. Note that while in one of these
applications (Gradient Boosted Trees), the rate at which utility drops over time is quite
smooth and predictable, in the other (Online Aggregation on the TPC-H benchmark), util-
ity does not necessarily change in a clear way. This will affect some of our decisions when

we actually schedule these applications.

Real-World Distributed Data Analytics Use Cases Understanding how data analysts
use clusters is an important step for designing a scheduler for these applications, and help-
ing to define the goals our system should aim for. Distributed data analytics system users
can have a wide range of expertise in the underlying distributed system. For that reason, it
is imperative that our scheduler asks users to modify their applications as minimally as pos-
sible, as well as asking for little domain knowledge. Furthermore, users have varying needs
from approximate applications; some desire precise answers with high latency, while oth-
ers desire more erroneous answers with low latency. Others still may not know how much
accuracy they require until they’ve already seen some approximate results. This compli-
cated and varying set of use cases creates a unique challenge in scheduling approximate

data analytics workloads.

2.3 Scheduling Approximate Applications

In order to take advantage of these applications whose utilities change over the course of
their run, we need to first understand what the potential benefits are of scheduling based on

utility, as well as the key challenges that we have to tackle.

Benefits of Utility Based Scheduling By using utility to schedule applications, we can
expect to reduce latency and improve the overall accuracy of results of applications sub-
mitted to our system. Because these applications produce diminishing returns, we avoid

wasting resources on jobs producing only minor improvements. For example, in Figure
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Figure 2.2: Utility based scheduling allows applications to reach higher accuracy solutions
much more quickly.

[2.2] we show a sequence of applications joining a cluster every 60 seconds. These appli-
cations produce approximate results and their accuracy increases over time. In as
more applications join the cluster, each application takes longer to reach high accuracy, as
each is given a smaller and smaller proportion of the resources. By contrast, in[2.2(b)|those
same applications reach high accuracy almost as quickly even as the cluster becomes more
crowded.

It is important to note that scheduling is a zero-sum game — necessarily, giving one
application more resources removes those resources from another, in a cluster where all
resources are being used. This means that applications that are nearly completed and pro-
duce small amounts of utility may have high latency to reach their small benefits. This is a
tradeoff we further discuss in Chapter 4. We believe that the latency and accuracy benefits
a scheduler based on utility could provide to many applications are worth the penalty of
high latency for those applications that already have highly accurate results.

This tradeoff is one of the key challenges of creating a scheduler based on utility. We

also have several other challenges that we will need to tackle.

Identifying Utility First and foremost, understanding how much utility a particular ap-
plication provides a user at any given point during its execution is crucial to creating a
scheduler that can maximize the overall utility of all jobs in a system. Not only do different

applications produce different types of utility, but we also must take into account the inten-
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tions of the user. For example, if a user is only interested in exact results, all intermediate
approximate results provide zero utility to the user. However, the users of many distributed
data analytics are interested in intermediate results.

Moreover, we must be able to find a good metric which not only understands an appli-
cation’s utility, but also is comparable between applications. This can be challenging to do
online, as determining an incremental result’s accuracy may not be known until the end of

an application. We discuss several ways of tackling this problem for each application.

Predicting Utility Schedulers typically schedule at every epoch — every few seconds,
they redistribute resources based on any new information they’ve received during the last
epoch. In order to appropriately redistribute resources, we need to be able to estimate,
for each application, how much utility that application will be able to create with those
resources over the next epoch. This affects design decisions twofold: The way we measure
utility must be chosen to be somewhat predictable, and we have to decide the best way to

predict this in a lightweight manner.

Redistributing Resources Another key challenge we faced was how to redistribute re-
sources between applications. As many schedulers provide a mechanism to prioritize appli-
cations, a simple way to reapportion resources is to use each application’s potential utility
as a prioritization weight. While this does provide modest improvements, it is only an
approximation. Instead, we approach this challenge by optimizing the total utility of all
applications, taking into account each application’s parallelizability and predicted future

improvement.

Low Impact to Users Lastly, it was important to us that we be able to make these changes
with as little change to users’ applications as possible. By introducing almost no work to

application developers, they can easily use any scheduler we make without necessarily
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understanding the scheduler, or even the ML or online aggregation applications they them-

selves are running.

2.4 Related Work

Approximate Applications In this thesis, we discuss online aggregation [62] and ma-
chine learning. Both are examples of incremental approximate applications, and have deep
bodies of work covering them, including some work focused on reducing resource con-
sumption in both types of applications. However, the approaches taken in these works are
typically orthogonal to our approach and generally would work in tandem with our ap-
proach. In Machine Learning, parameter servers and work on reducing synchronization
overheads have aimed to reduce resource consumption [86, [15, 15, 78, 37, 102, [14]. In on-
line aggregation, sampling techniques to reduce overhead and deduplication of computation

have made similar attempts to reduce resource usage [[115, [17]].

Priority Scheduling Utility has often been used in the past by schedulers. In modern
clusters, most have a concept of priority by which one user or organization may be deemed
more important or mission critical and jobs submitted by that user will be given more re-
sources, effectively increasing the overall utility of the cluster’s output, from the perspective
of the cluster manager. One example of priority-based scheduling is in OS-level schedulers.

Ul-bound threads may be given higher priority to avoid disruption to the user experience.

Cluster Scheduling Systems A lot of work has been aimed at partitioning resources
evenly between applications in clusters. Existing cluster schedulers [119, 163|152, 27, 57,
64 primarily focus on resource fairness, job priorities, cluster utilization, or resource reser-
vations, but do not take job progress rates into consideration. These systems provide not
only a baseline against which we can benchmark our solutions, but also a set of techniques

and hierarchical architecture we can use as the baseline for our schedulers. However, none
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of this work considers the possibility that a single application could have different utilities

to a user at different points during its execution.
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Chapter 3

SLLAQ: Scheduling Machine Learning Applica-

tions for Quality

Machine learning (ML) is an increasingly important tool for large-scale data analytics, in-
cluding online search, marketing, healthcare, and information security. A key challenge
in analyzing massive amounts of data with ML arises from the fact that model complexity
and data volume is growing much faster than hardware speed improvements. Thus, time-
sensitive machine learning on large datasets necessitates the use and efficient management
of cluster resources. Three key features of ML are particularly relevant to resource man-

agement.

ML algorithms are intrinsically approximate. ML algorithms generally consist of two
stages: training and inference. The training stage builds a model from a training dataset
(e.g., images with labeled objects), and the inference stage uses the model to make pre-
dictions on new inputs (e.g., recognizing objects in a photo). ML models are intrinsically
approximate functions for input-output mapping. We use quality to measure how well the

model maps input to the correct output.

ML training is typically iterative with diminishing returns. While the inference stage
is often lightweight and can run in real-time, the training stage is computationally expensive
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and usually requires multiple passes over large datasets. It generates a low-quality model
at the beginning and improves the model’s quality through a sequence of training iterations
until it converges. In general, the quality improvement diminishes as more iterations are

completed.

Training ML is an exploratory process. ML practitioners retrain their models repeat-
edly to explore feature validity [22], tune hyperparameters [103} |83], and adjust model
structures [S8] before they operationalize their final model, which is deployed for perform-
ing inference on individual inputs. The goal of retraining is to get the final model with the
best quality. Since ML training jobs are expensive, practitioners in experimental environ-
ments often prefer to work with more approximate models trained within a short period of
time for preliminary validation and testing, rather than wait a significant amount of time
for a better trained model with poorly tuned configurations. In fact, algorithm tuning is
an empirical process of trial and error that can take significant effort, both human and ma-
chine. With the exponential growth of data volume, the cost of decision making on model
configurations will likely continue to increase.

Many ML frameworks have been developed [86 |8} (15} 5] to run large-scale training
jobs in clusters with shared resources. Existing schedulers primarily focus on resource
fairness [[119} 163, 152], 27,157, 164], but are agnostic to model quality and job runtime. Dur-
ing a burst of job submissions, equal resources will be allocated to jobs that are in their
early stages and could benefit significantly from extra resources as those that have nearly
converged and cannot improve much further. This is not efficient.

We present SLAQ, a cluster scheduling system for ML training jobs that aims to maxi-
mize the overall job quality. SLAQ dynamically allocates resources based on job resource
demands, intermediate model quality, and the system’s workload. The intuition behind
SLAQ is that in the context of approximate ML training, more resources should be allo-

cated to jobs that have the most potential for quality improvement.
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SLAQ leverages the fact that most ML training algorithms are implemented as an iter-
ative optimization process. By continually monitoring the history of quality improvement
and runtime, SLAQ generates highly-tailored and accurate quality predictions for future
training iterations. SLAQ estimates the impact of resource allocation on model quality, and
explores the quality-runtime trade-offs across multiple jobs. Based on this information,
SLAQ adjusts their resource allocations of all running jobs to best utilize the limited cluster
resources. The SLAQ scheduler is designed to be dynamic and fine-grained, so that resource

allocations can adapt quickly to jobs’ quality and the system’s workload changes.

Challenges and solutions. In designing SLAQ, we had to overcome several technical
challenges.

First, ML training algorithms measure the quality of models with tens of different met-
rics, which makes it difficult to compare the training progress of different jobs. SLAQ
normalizes these metrics using the reduction of loss values. These intermediate quality
measures are reported directly by the application APIs. Our normalization effectively uni-
fies the quality measures for a broad set of ML algorithms.

Second, SLAQ should be able to precisely predict the impact that an extra unit of re-
sources would have on the quality and runtime of ML training jobs. Previous work [110]
predicts a job’s runtime based on its computation and communication structure, but it re-
quires that the job be analyzed or profiled offline. Unfortunately, the significant overhead
of this offline analysis is prohibitive for our exploratory setting. SLAQ uses online predic-
tion: it predicts the time and quality of the coming iterations based on statistics collected
from previous iterations.

SLAQ supports configurable high-level goals when scheduling jobs. When maximizing
the aggregate quality improvement, it can best utilize the cluster resources and achieve a

higher total quality gain across all jobs. When maximizing the minimum quality, SLAQ
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can achieve the equivalent of max-min fairness applied to quality (rather than resource
allocation).

While SLAQ works with a large class of important ML algorithms, some non-convex
ML algorithms are not currently supported. The convergence properties and optimization
of these algorithms are being actively studied, and we leave scheduling support for these
algorithms to future work.

We implemented SLAQ as a new scheduler within the Apache Spark framework [120].
SLAQ can use its quality-driven scheduling for many of the ML algorithms available in
MLIib [86], Spark’s machine learning package. In fact, SLAQ supports unmodified ML ap-
plications using existing MLIlib optimizers, as well as applications using new optimization
algorithms with only minor modifications. We evaluate various distinct ML training algo-
rithms on datasets collected from various online sources. We found that SLAQ improves
the average quality by up to 73% and reduces the average delay by up to 44% compared to

fair resource scheduling.

3.1 Background and Motivation

The past several years have seen a rapid increase in both the volume of data used to train
ML models and the size and complexity of these models. Growth in the performance of
the underlying hardware, however, has not caught up, thus placing higher demands on the
computational resources used for this purpose.

An important way that data scientists cope with these demands is to leverage more
approximate models for preliminary testing, in order to exclude bad trials and iterate to
the right configuration. A significant amount of time and resource usage can potentially
be saved because of the iterative nature of ML optimization algorithms, and the dimin-
ishing returns of quality improvements during the training iterations. Today’s schedulers,

however, do not provide a ready means to follow this strategy; a traditional max-min fair

18



scheduler (similarly, the dominant resource fair scheduler [52]) ensures fair resource allo-
cation without considering the potential of these resources to improve model quality.

This section motivates and provides background for SLAQ. §3.1.T|describes the iterative
nature of the ML training process and how it is characterized by diminished returns. We
introduce the exploratory training process in §3.1.2]and describe current practices in §3.1.3]

We discuss the problems with existing cluster schedulers and propose our quality-aware

scheduler in §3.1.4]

3.1.1 ML Training: Iterative Optimization Process

The algorithms used for the ML training process typically include a dataset specifica-
tion, a loss function, an optimization procedure, and a model [54]]. A machine learning
model is a parametric transformation fg : X — Y that maps input variables to output vari-
ables, and it typically contains a set of parameters 8 which will be regularly adjusted during
the training process. The loss function represents how well the model maps training ex-
amples to correct output, and is often combined with a regularization term to incorporate
generalizability. Training machine learning models can be summarized as optimizing the
model parameters to minimize the loss function when applying the model on a dataset.

When the machine learning model is nonlinear, most loss functions can no longer be
optimized in closed form. Algorithms such as Gradient Descent, L-BFGS and Expectation
Maximization (EM) are widely used in practice to iteratively solve the numerical optimiza-
tion of the loss function. As the sizes of the dataset and model grow, the batch algorithms
can no longer solve the optimization problem efficiently. Instead, various new algorithms
have been proposed to improve the efficiency of the optimization process in an iterative
and distributed fashion. For example, stochastic gradient descent (SGD) [29] reduces com-
putationally complexity by evaluating the loss function and gradient on a randomly drawn
subset of the overall dataset in each iteration.

The training process with the iterative optimization algorithms can be viewed as a re-

finement loop of the model. After initializing the parameter values (e.g., with random
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Figure 3.1: Cumulative time to achieve different percentages of loss reduction with four
jobs: Logistic Regression (LogReg), Support Vector Machine (SVM), Latent Dirichlet Al-
location (LDA) and Multi-Layer Perceptron Classifier (MLPC). Job convergence is defined
to be 1/10000 of initial loss reduction.

values), the optimization algorithms calculate changes on parameters in order to reduce the
loss function, and update the model with new parameter values. This process continues un-
til the decrease in the loss function falls below a certain threshold, or until a preset number
of iterations have elapsed.

Another approach that some ML algorithms take is ensemble learning. Instead of train-
ing a complicated model with a large number of parameters, these algorithms focus on
aggregating results from multiple diverse but small submodels. For example, boosting al-
gorithms improve the accuracy of the model classifier by examining the errors in results,
adding new submodels to the ensemble, and adjusting the weights of the set of submodels.
Boost aggregating (bagging) algorithms train multiple submodels on different subsets of
the training data by sampling with replacement. The training process of the ensemble mod-
els involves both iteratively refining each submodel, and iteratively adding new submodels
or adjusting the weights of existing components.

When training a machine learning model, the first several iterations generally boost the
quality very quickly. This is because the initial parameters of a model are generally set ran-
domly. However, for most ML training algorithms, the quality improvements are subject to

diminishing returns; iterations in later stages continue to cost the same amount of computa-
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Figure 3.2: Retrain machine learning models.

tional resources while making only marginal improvements on model quality as the results
finally converge. For example, error in gradient descent algorithms on convex optimiza-
tion problems often converges approximately as a geometric series [33]]. Theoretically, at
the kth iteration, the loss function reduction is O(uX), where u is the convergence rate
(|| < 1). In general, loss reduction (quality improvement) diminishes as more iterations
are completed.

Figure [3.1] plots the relative cumulative time to achieve different percentages of loss
reduction. For example, it takes 20% time for the SVM job to reduce loss by 95%, and
80% time to further reduce it until convergence. Jobs for ML algorithm debugging and
model tuning only require the training process to be almost completed to tell potentially
good configurations from bad trials, and thus could save a lot of time and resources.

The law of diminishing returns applies in many other data analytics systems in addi-
tion to machine learning. Sampling-based approximate query processing systems compute
approximate results by processing only a sample of the entire dataset in order to reduce
resource usage and processing delay [[17, 25, 21, [109]. Databases can also take advantage
of online aggregation to incrementally refine the approximated results of SQL aggregate
queries [1231162),193]. Using the error or uncertainty as a measurement of quality in these
queries, we can observe that in most cases the convergence rate of these metrics are also

monotonically decreasing.
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3.1.2 Retraining Machine Learning Models

Training machine learning models is not a one-time effort. ML practitioners often train
a model on the same dataset multiple times for exploratory purposes. This process provides

early feedback to practitioners and helps direct their search for high quality models.

Feature engineering. Many ML algorithms require a featurized representation of the in-
put data for efficient training and inference. For example, a speech recognition algorithm
utilizes the discretized frequency features extracted from continuous sound signals with
Fourier transforms and knowledge about the human ear [108]]. Identifying exactly the use-
ful features that yield the best quality relies on both domain knowledge and many training

experiments.

Hyperparameter tuning. Many ML models expose hyperparameters that describe the
high-level complexity or capacity of the models. Optimal values of these hyperparameters
typically cannot be learned from the training data. Examples of hyperparameters include
the number of hidden layers in a neural network, the number of clusters in a clustering
algorithm, and the learning rate of mode parameters. It is desirable to explore different
combinations of hyperparameter values, train multiple models, and use the one that gives

the best result.

Model structure optimization. To ship ML models and run inference tasks on mobile
and IoT devices, large models need to be compressed to reduce the energy consumption
and accelerate the computation. Various model compression techniques have been devel-
oped [45, 58]]. These methods usually prune the unnecessary parameters of the model,
retrain the model with the modified structure, and then prune again. This requires training
the same job multiple times to get the best compression without compromising the quality

of the model.
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In addition, the interactions between features, hyperparameters and model structures
make it even harder to search for the best model configuration. For example, features are
often correlated with one another, and modifying the set of features also requires recalibrat-
ing the hyperparameters (such as learning rate). Expensive model configuration decisions

demand highly efficient resource management in shared clusters.

3.1.3 Current Practices in ML Training

When exploring the ML model configuration space, users often submit training jobs
with either a time cutoff or a loss value cutoff. Both monitoring heuristics are widely used
in practice but have significant drawbacks.

Training ML models within a fixed time frame often results in unpredictable quality.
This is because it is often difficult to predict a priori what the loss values will be at the
deadline. More importantly, when a training job shares cluster resources with other jobs,
the number of iterations completed by the deadline also depends on the cluster’s workload
and the scheduler’s decisions.

A fixed loss (or fixed Aloss) cutoff is also difficult to reason about. Loss values in
different algorithms are different in magnitude and have completely different meanings
(further explained in §3.3.1). Additionally, with more complicated model structures and
training algorithms, it is not rare to see the convergence rate of loss function fluctuate due
to stochastic methods and model staleness [38]]. Fixed loss values also make users lose the
potential to gain further improvement on the training.

Some users choose to manually monitor the loss function values during the training
process and stop the job when they think the models are good enough. However, large-
scale ML jobs could take hours or even days to complete, which makes the monitoring
impractical.

In the context of exploratory ML training, it is desirable to explore the quality-runtime
trade-off across multiple concurrent jobs. SLAQ automates this process and obviates the

need for the user to reason about arbitrary trade-offs. SLAQ flexibly fulfills a broad range of
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Figure 3.3: Accuracy (top) and loss function values (bottom) of a job with resources allo-
cated by a quality-aware scheduler and a fair scheduler. Accuracy (percentage of correctly
predicted data points) is evaluated on a testing dataset at the end of each training iteration.
The more resources allocated to a job, the faster an iteration can be finished.

requirements for quality and delay of ML trainings, from approximate but timely models,
to more traditional accurate model training. It allows users to stop jobs early before perfect

convergence, and obtain a model with a loss function converged enough with much shorter

latency.

3.1.4 Cluster Scheduling Systems

A cluster scheduler is responsible for managing resource allocation across multiple
jobs. Modern data analytics frameworks (such as Hadoop [2]], Spark [[120], etc.) typically
have two layers of scheduling: the job-level scheduler allocates resources to concurrent jobs
running on the workers, while the task-level scheduler focuses on assigning tasks within a
job to the available workers.

Existing job-level schedulers (Yarn [119], Mesos [63], Apollo [32], Hadoop Capac-
ity [S7]], Quincy [64], etc.) mostly allocate resources based on resource fairness or prior-
ities. For ML training jobs, however, these schedulers often make suboptimal scheduling
decisions because they are agnostic to the progress (quality improvement) within each job.

We argue that the scheduler should collect quality and delay information from each job and
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Figure 3.4: Running ML training jobs with SLAQ.

dynamically adjust the resource allocation to optimize for cluster-wide quality improve-
ment.

SLAQ is a fine-grained job-level scheduler: it focuses on the allocation of cluster re-
sources between competing ML jobs, but does so over short time intervals (i.e., hundreds
of milliseconds to a few seconds). Scheduling on short intervals ensures the continued re-
balancing of resources across jobs, whose iteration time varies from tens to hundreds of
milliseconds.

In a shared cluster with multiple users constantly submitting their training jobs, Fig-
ure [3.3] shows how the accuracy and loss values of one job change over time. With the
fair scheduler, the job receives its fair share of cluster resources throughout its lifetime. A
key observation here is that if we had given this job more resources in its early stages, its
accuracy (loss) could have increased (decreased) much faster. SLAQ does exactly this, allo-
cating more resources to the job when its potential improvement is large. In particular, the
job was able to achieve 90% accuracy within a much shorter time frame (70s) with SLAQ
than with the fair scheduler (230s). Especially for exploratory training jobs, this level of

accuracy is frequently sufficient.

3.2 System Overview

SLAQ is a cluster management framework that hosts multi-tenant approximate ML training
jobs running on shared resources. A centralized SLAQ scheduler coordinates the resource

allocation of multiple ML training jobs. As shown in Figure each job is composed
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of a set of tasks. Each task processes data based on the ML algorithm on a small partition
of the dataset, and can be scheduled to run on any node. The driver program contains the
iterative training logic, generates tasks for each iteration, and tracks the overall progress
of the job. In the case of training ML models, a task generates an update to the model
parameters based on a partition of the training dataset. The duration of a task typically
ranges from tens of milliseconds to a few seconds. When the tasks finish processing the
data, the updates from all tasks are aggregated and sent back to the job driver program to
update the primary copy of the model.

Similar to many cluster management systems, SLAQ divides machines into smaller
workers, which is the minimum unit of resource to run a task. Figure [3.4(b)| shows that
each job driver, at a certain time, can send tasks to the workers allocated to that job in the
cluster.

The SLAQ scheduler directly communicates with the drivers of currently running jobs
to track their progress and update their resource allocation periodically. At the begin-
ning of each scheduling epoch, SLAQ allocates resources between all the jobs based on
system workload, the demands, and progress of the jobs. The scheduler reclaims work-
ers back from some job drivers, and reallocates them to other jobs for better system-wide
performance goals. Note that this is very different from many of the existing cluster man-
agers [[119, 57] which only statically allocate resources to jobs before they get started.

We made this decision due to two reasons. First, unlike general batch processing, jobs
that train ML models are typically iterative and usually need longer time to complete.
Scheduling only at the start of the job is too coarse-grained and can easily lead to star-
vation or underutilization of system resources. Second, the quality improvement of the
training jobs often changes rapidly (as described in §3.1.1)). Fixed allocation makes the

scheduler unable to adapt to jobs’ changes in quality improvement and resource demands.
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Algorithm Acronym Type Optimization Algorithm Dataset

K-Means K-Means  Clustering Lloyd Algorithm Synthetic

Logistic Regression LogReg Classification Gradient Descent Epsilon [13]

Support Vector Machine SVM Classification  Gradient Descent Epsilon

SVM (polynomial kernel) SVMPoly Classification Gradient Descent MNIST [[L1]

Gradient Boosted Tree GBT Classification  Gradient Boosting Epsilon

GBT Regression GBTReg  Regression Gradient Boosting YearPredictionMSD [10]
Multi-Layer Perceptron Classifier MLPC Classification L-BFGS Epsilon

Latent Dirichlet Allocation LDA Clustering EM / Online Algorithm Associated Press Corpus [4]
Linear Regression LinReg Regression L-BFGS YearPredictionMSD

Table 3.1: Summary of ML algorithms, types, and the optimizers and datasets we used for
testing.

3.3 Design

This section describes the mechanisms by which SLAQ addresses its key challenges. First,
how to normalize quality measures between distinct jobs in order to determine how quickly
they are increasing (or not) in quality relative to one another (§3.3.1)). Second, how SLAQ
uses jobs’ resource usage and quality information to precisely predict the impact of resource
allocation in an online fashion (§3.3.2)). Third, how SLAQ allocates resources to maximize

system-wide quality improvement (§3.3.3).
3.3.1 Normalizing Quality Metrics

As explained in §3.1.1] ML training algorithms are designed to be an optimization
process which iteratively minimizes a loss function, and thus improves the model’s quality.
ML algorithms use various different measurement metrics to indicate the quality of model
training. Though comparing a single job’s quality improvement across iterations is simple,
comparing these metrics across different jobs presents a challenge. To schedule for better
overall quality, we need to compare the quality metrics across different jobs. This enables
SLAQ to trade off resources and quality between jobs.

One straightforward solution is to use a universal metric such as accuracy to measure
the model quality. Accuracy represents the percentage of correctly predicted data points,

and the range is always from O to 1. Similarly, the F1 score, ROC curve, and confusion
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matrix also measure the model quality taking the false positive and false negative ratios and
multi-class results into consideration [97]. While these metrics are intuitively understand-
able for classification algorithms, they are not applicable to non-classification algorithms
such as regression or unsupervised learning. In addition, accuracy and similar metrics re-
quire constructing a model and evaluating that model against a labeled validation set, which

introduces an additional overhead to the job[]

Loss normalization. In contrast to the accuracy metrics, the loss function is calculated
by the algorithm itself in each iteration, incurring no additional overhead. However, each
algorithm’s loss function has a different real-world interpretation. The range, convexity,
and monotonicity of the loss functions depend on both the models and the optimization
algorithms [54]]. Directly normalizing loss values requires a priori knowledge of the loss
range, which is impractical in an online setting.

For example, clustering algorithms (e.g., K-Means) use the sum of squared distances
to the cluster centroids as the loss function. Classification and regression algorithms (e.g.,
SVM, Linear Regression, etc.) commonly use hinge or logistic gradient loss which repre-
sents discrepancy of prediction on the training data. The range of the measured values can
vary by orders of magnitude: K-Means on our synthetic dataset reduces the loss from 300
down to 0, and the range highly depends on the absolute coordinates of the data points; on
the other hand, SVM on a handwritten digit recognition dataset [[11] reduces the loss from
1 down to 0.4. Unfortunately, there are no known analytical models to predict these ranges
without actually running the training jobs.

Based on the convergence properties of loss functions (further explained in §3.3.2)), we
choose to normalize the change in loss values between iterations, as opposed to the loss
values themselves. Most optimizers used in training algorithms try to reduce the values

of loss functions, and for convex optimization problems, the values decrease monotoni-

'Validation is commonly used in ML training to prevent overfitting. Due to the overhead, however, model
evaluation on the validation set is usually performed once every several iterations, not every iteration.
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Figure 3.5: Normalized ALoss for ML algorithms.

cally [33]]. The convergence rate, because of the diminishing returns, generally decreases
in later iterations. So for a certain job, we normalize the change of loss values in the current
iteration with respect to the largest change we have seen so far.

Figure [3.5] shows the normalized changes of loss values for common ML algorithms
(summarized in Table[3.1]). Because a loss function eventually converges to a certain value,
the corresponding change of loss values always converges to 0. As a result, even though
the set of algorithms have diverse loss ranges, we observe that they generally follow similar
convergence properties, and can be normalized to decrease from 1 to 0. This helps SLAQ
track the progress of different training jobs, and, for each job, correctly project the time to
reach a certain loss reduction with a given resource allocation.

SLAQ supports a large class of important ML algorithms, but currently does not sup-
port some non-convex optimization algorithms due to the lack of convergence analytical

models.

3.3.2 Measuring and Predicting Loss

After unifying the quality metrics for different jobs, we proceed to allocate resources
for global quality improvement. When making a scheduling decision for a given job, SLAQ
needs to know how much loss reduction the job would achieve by the next epoch if it was

granted a certain amount of resources. We derive this information by predicting (i) how
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many iterations the job will have completed by the next epoch (§3.3.2)), and (ii) how much
progress (i.e., loss reduction) the job could make within these iterations (§3.3.2).
Prediction for iterative ML training jobs is different from general big-data analytics
jobs. Previous work [110} [19] estimates job’s runtime on some given cluster resources
by analyzing the job computation and communication structure, using offline analysis or
code profiling. As the computation and communication pattern changes during ML model
configuration tuning, the process of offline analysis needs to be performed every time, thus
incurring significant overhead. ML prediction is also different from the estimations to
approximate analytical SQL queries [123] [17] where the resulting accuracy can be directly
inferred with the sampling rate and analytics being performed. For iterative ML training
jobs, we need to make online predictions for the runtime and intermediate quality changes

for each iteration.

Runtime Prediction

SLAQ is designed to work with distributed ML training jobs running on batch-
processing computational frameworks like Spark and MapReduce. The underlying
frameworks help achieve data parallelization for training ML models: the training dataset
is large and gets partitioned on multiple worker nodes, and the size of models (i.e., set
of parameters) is comparably much smaller. The model parameters are updated by the
workers, aggregated in the job driver, and disseminated back to the workers in the next
iteration.

SLAQ’s fine-grained scheduler resizes the set of workers for ML jobs frequently, and
we need to predict the iteration of each job’s iteration, even while the number and set of
workers available to that job is dynamically changing. Fortunately, the runtime of ML
training—at least for the set of ML algorithms and model sizes on which we focus—is
dominated by the computation on the partitioned datasets. SLAQ considers the total CPU
time of running each iteration as ¢ - S, where ¢ is a constant determined by the algorithm

complexity, and S is the size of data processed in an iteration. SLAQ collects the aggregate
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worker CPU time and data size information from the job driver, and it is easy to learn the
constant ¢ from a history of past iterations. SLAQ thus predicts an iteration’s runtime simply
by ¢-S/N, where N is the number of worker CPUs allocated to the job.

We use this heuristic for its simplicity and accuracy (validated through evaluation in
§3.5.3)), with the assumption that communicating updates and synchronizing models does
not become a bottleneck. Even with models larger than hundreds of MBs (e.g., Deep Neural
Networks), many ML frameworks could significantly reduce the network traffic with model
parallelism [[78]] or by training with relaxed model consistency with bounded staleness [43],
as discussed in §3.6] Advanced runtime prediction models [104] can also be plugged into

SLAQ.

Loss Prediction

Iterations in some ML jobs may be on the order of 10s—100s of milliseconds, while
SLAQ only schedules on the order of 100s of milliseconds to a few seconds. Performing
scheduling on smaller intervals would be disproportionally expensive due to scheduling
overhead and lack of meaningful quality changes. Further, as disparate jobs have different
iteration periods, and these periods are not aligned, it does not make sense to try to schedule
at “every” iteration of the jobs.

Instead, with runtime prediction, SLAQ knows how many iterations a job could com-
plete in the given scheduling epoch. To understand how much quality improvement the job
could get, we also need to predict the loss reduction in the following several iterations.

A strawman solution is to directly use the loss reduction obtained from the last iteration
as the predicted loss reduction value for the following several iterations. This method
actually works reasonably well if we only need to predict one or two iterations. However,
this could perform poorly in practice when the number of iterations per scheduling epoch
is higher. This could be the case, for example, when the training dataset is small or an

abundance of resources is allocated to the job.
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Figure 3.6: Predicting loss values with 3 methods.

We can improve the prediction accuracy by leveraging the convergence properties of
the loss functions of different algorithms. Based on the optimizers used for minimizing the

loss function, we can broadly categorize the algorithms by their convergence rate.

Algorithms with sublinear convergence rate. First-order algorithms in this categoryE]
have a convergence rate of O(1/k), where k is the number of iterations [60]. For example,
gradient descent is a first-order optimization method which is well-suited for large-scale
and distributed computation. It can be used for SVM, Logistic Regression, K-Means, and
many other commonly used machine learning algorithms. With optimized versions of gra-

dient descent, the convergence rate could be improved to O(1/k?).

Algorithms with linear or superlinear convergence rates. Algorithms in this categor

have a convergence rate of O(u*),|u| < 1. For example, L-BFGS, which is a widely used

2 Assume the loss function f is convex, differentiable, and V f is Lipschitz continuous.
3 Assume the loss function f is convex and twice continuously differentiable, optimization algorithms can
take advantage of the second-order derivative to get faster convergence.
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Quasi-Newton Method, has a superlinear convergence rate which is between linear and

quadratic. It can be used for SVM, Neural Networks, and others.

Distributed optimization algorithms. Optimization algorithms like gradient descent re-
quire a full pass through the complete dataset to update the model’s parameters. This
can be very expensive for large jobs which have data partitions stored on multiple nodes.
Distributed ML training benefits from stochastic optimization algorithms. For example,
stochastic gradient descent (SGD) processes a mini-batch (samples extracted from a subset
of the training data) at a time and updates the parameters in each step. The significant ef-
ficiency improvement of SGD comes at the cost of slower convergence and fluctuation in
loss functions. In terms of number of iterations, however, SGD still converges at a rate of
O(1/k) with properly randomized mini-batches.

With the assumptions of loss convergence rate, we use curve fitting to predict future loss
reduction based on the history of loss values. For the set of machine learning algorithms we
consider, we use the history of loss values at a certain time to fit a curve f (k) = m +d
for sublinear algorithms, or f(k) = u*=? + ¢ for linear and superlinear algorithms.

We further improve the prediction accuracy using exponentially weighted loss values.
Intuitively, loss values obtained in the near past are more informative for predicting the
loss values in the near future. The weights assigned to loss values decay exponentially
when new iterations finish, and the parameters of the curve equations get adjusted for each
prediction.

We determined the weight A for this process to be 0.8 experimentally. This value was
arrived at with a set of ML algorithms spanning across Spark MLIib, over four datasets.

Figure 3.6/shows the loss values predicted using the different methods described above.
The strawman solution works well when predicting only one iteration in advance, but de-
grades quickly as the number of iterations to predict increases. The latter scenario is likely

because SLAQ makes a scheduling decision once every epoch, which typically spans mul-
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Algorithm 4 Maximizing Total Loss Reduction
— epoch: scheduling time epoch
— num_cores: total number of cores available
— alloc: number of cores allocated to jobs
— prior_g: priority queue containing jobs and their loss reduction values if allocated with one extra core

1: function PREDICTLOSSREDUCTION(job)
2: pred_loss = PREDICTLOSS(job, alloc| job],epoch)
3: pred_loss_pl = PREDICTLOSS(job,alloc[job] 4+ 1,epoch)
4: return pred_loss — pred_loss_p1
5: function ALLOCATERESOURCES(jobs)
6: for all job in active jobs do
7: alloc[job] = 1
8: num_cores = num_cores — 1
9: pred_loss_red = PREDICTLOSSREDUCTION(job)
10: prior_g.enqueue(job, pred_loss_red)
11: while num_cores > 0 do
12: job = prior_g.dequeue()
13: alloc[job] = alloc|job] + 1
14: num_cores = num_cores — 1
15: pred_loss_red = PREDICTLOSSREDUCTION(job)
16: prior_q.enqueue( job, pred_loss_red)
17: return alloc

tiple iterations. In contrast, as shown in Figure the weighted curve fitting method
achieves a low average prediction error of 3.5% even when predicting up to 10 iterations in

advance.

3.3.3 Scheduling Based on Quality Improvements

With accurate runtime and loss prediction, SLAQ allocates cluster CPUs to maximize the
system-wide quality. SLAQ can flexibly support different optimization metrics, including
both maximizing the total (sum) quality of all jobs, as well as maximizing the minimum

quality (equivalent to max-min fairness) across jobs.

Maximizing the total quality. We schedule a set of J jobs running concurrently on the
shared cluster for a fixed scheduling epoch T, i.e., a new scheduling decision can only be
made after time 7. The optimization problem for maximizing the total normalized loss
reduction over a short time horizon 7 is as follows. Sum of allocated resources a; cannot

exceed the cluster resource capacity C.
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max Y ;Lossj(aj,t) —Lossj(aj,t+T)
jeJ

s.t. ZjajSC

When including job j at allocation a;, we are paying cost of a; and receiving value
of Alj = Lossj(aj,t) — Lossj(aj,t +T). The scheduler prefers jobs with highest value of
Alj/aj; i.e., we want to receive the largest gain in loss reduction normalized by resource
spent.

Algorithm (4] shows the resource allocation logic of SLAQ. We start with a; = 1 for each
job to prevent starvation. At each step we consider increasing a; (for all queries i) by one
unit (in our implementation, one CPU core) and use our runtime and loss prediction logic to
get the predicted loss reduction. Among these queries, we pick the job j that gives the most
loss reduction, and increase a; by one unit. We repeat this until we run out of available
resources to schedule.

Maximizing the total loss reduction targets the cost-effectiveness of cluster resources.
This is desirable not only on clusters used by a single company which may have high
resource contention, but potentially even on multi-tenant clusters (clouds) in which revenue

could be directly associated with the total quality progress (loss reduction) of ML jobs.

Maximizing the minimum quality. Below is the optimization problem to minimize the
maximum loss value (or equivalently, maximizing the minimum quality) over time horizon
T. With a set of J jobs running concurrently, this scheduling policy makes sure no one is
falling behind. We require that all loss values be no bigger than / and we minimize /.

min [

jeJ

st. Vj:Lossj(aj,t+T)<I

Yjaj=C
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The system quality, in this case, is represented by the loss value [ of the worst job j.
The only way we can improve it is to reduce the loss value of j. Our heuristic is thus as
follows. We start with a; = 1, and at each step we pick job i = argmin;Loss jlaj,t+T).
We increase its allocation a; by one unit, recompute Loss;(a;,t + T), and repeat this process
until we run out of resources.

Maximizing the minimum quality achieves max-min fairness in model quality. It is
especially useful for ML applications that include multiple collaborative models, and the
overall quality is determined by the lowest quality of all the submodels. For example,
a security application for network intrusion detection should train multiple collaborative

models identifying distinct attacking patterns with max-min fairness in quality.

Prioritize jobs on shared clusters. The above scheduling policies are based on the as-
sumptions that all the concurrently running jobs have equal importance, and thus they will
be treated equally when comparing their quality. This can be easily adjusted to account for
jobs with different importance by adding a weight multiplier to the jobs, identically to how
max-min fairness can be easily changed to weighted max-min fairness.

For example, a cluster may host experiment jobs and production jobs for ML training,
and a higher weight should be assigned to jobs for production uses. With the same training
progress, a job with a higher weight will get its loss reduction proportionally amplified
by the scheduler compared to a normal job. Thus, high-priority jobs generally get more

iterations finished with SLAQ.

Mixing ML with other types of jobs. SLAQ can also run non-ML jobs sharing the same
cluster with approximate ML jobs. For non-ML jobs, the scheduler falls back to fairness or
reservation based resource allocation. This effectively reduces the total capacity C available
to all approximate ML jobs. SLAQ follows the same algorithms to maximize the total or

minimum quality under varying resource capacity C.
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3.4 Implementation

We implemented SLAQ within the popular Apache Spark framework [[120], and utilize its
accompaning MLIib machine learning library [86]]. Spark MLIib describes ML workflow
as a pipeline of transformers, and it provides a set of high-level APIs to help design ML
algorithms on large datasets. Many commonly used ML algorithms are pre-built in MLIib,
including feature extraction, classification, regression, clustering, collaborative filtering,
and so on. These algorithms can easily be extended and modified for specific use cases.
The SLAQ prototype is implemented based on the Spark job scheduler. Multiple jobs
place the ready tasks into task pools, which are then controlled and dispatched by SLAQ
scheduler. The driver programs of ML jobs continually report their loss value information

for each iteration they finish.

Token bucket. SLAQ uses a token bucket algorithm to implement the resource allocation
policies described in §3.3.3] At each scheduling epoch, CPU time of all allocated cores is
added to each job as tokens. SLAQ assigns tasks to available workers, and keeps track of
how many tokens are consumed by those tasks by collecting Spark worker statistics. Tasks

are throttled if the corresponding job has used up its tokens.

Running unmodified ML applications. ML applications written using Spark MLIib can
directly run on SLAQ without any modifications. This is because SLAQ extends the under-
lying optimizers (e.g., SGD, L-BFGS, etc.) APIs to report loss values at each iteration. We
cover most library algorithms provided in MLIlib. Even when it is necessary to add new
library algorithms, one can easily adopt SLAQ by reporting loss values using SLAQ’s APIL.

This is a one-line modification in most of the algorithms present in MLIib.
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3.5 Evaluation

In this section, we present evaluation results on SLAQ. We demonstrate that SLAQ (i) pro-
vides significant improvement on quality and runtime for approximate ML training jobs,
(ii) is broadly applicable to a wide range of ML algorithms, and (iii) scales to run a large

number of ML training algorithms on clusters.

3.5.1 Methodology

Testbed. Our testbed consists of a cluster of 20 instances of ¢3.8xlarge machines on
Amazon EC2 Cloud. Each worker machine has 32 vCPUs (Intel Xeon E5-2680 v2 @ 2.80
GHz), 60GB RAM, and is connected with 10Gb Ethernet links.

Workload. We tested our system with the most common ML algorithms derived from
MLIib with minor changes, including (i) classification algorithms: SVM, Neural Network
(MLPC), Logistic Regression, GBT, and our extension to Spark MLIib with SVM polyno-
mial kernels; (ii) regression algorithms: Linear Regression, GBT Regression; (iii) unsuper-
vised learning algorithms: K-Means clustering, LDA. Each algorithm is further diversified
to construct different models. For example, SVM with different kernels, and MLPC Neural

Network with different numbers of hidden layers and perceptrons.

Datasets. With the algorithms, our models are trained on multiple datasets we collected
from various online sources with modifications, as well as on our synthetic datasets. The
datasets span a variety of types (plain texts [4], images [11], audio meta features [10], and
so on [9]]). The size of the distinct datasets we use in each run is more than 200GB. In
the experiments, all the training datasets are cached as Spark Dataframes in cluster shared
memory. We set the fraction of data sample processed at each iteration to be 100%, i.e., the
entire training data is processed in every iteration. This choice of 100% reflects the highest

level of contention we can expect to see with this many applications of these types. While
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Figure 3.7: Comparing loss improvement and runtime between SLAQ and fair scheduler.

using randomized mini-batches is common in ML applications, here they would simply

introduce noise into our results.

Baseline. The baseline we compare against is a work-conserving fair scheduler. It is the
widely-used scheduling policy for cluster computing frameworks [119, 57, 64].
The fair scheduler evenly divides available resources to all active jobs. It also dynamically

adjusts resource allocations to fair share when new jobs join and old jobs leave the system.
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3.5.2 System Performance

Scheduler Quality and Runtime Improvement

To evaluate job quality improvement, we first run a set of 160 ML training jobs with
different algorithms, model sizes, and datasets on the shared cluster of 20 nodes. In the
experiment, jobs are submitted to the cluster with their arrival time following a Poisson
distribution (mean arrival time 15s). A job is considered fully converged when its normal-
ized loss reduction is below a very small value, in this case, the loss reduction at the 100th
iterationf_r] We compare the aggregate quality and runtime of these jobs between SLAQ and
the fair scheduler.

Figure shows the average normalized loss values across running jobs with SLAQ
and the fair scheduler in an 800s time window of the experiment. When a new job arrives,
its initial loss is 1.0, raising the average loss value of the active jobs; the spikes in the
figure indicate new job arrivals. Yet because SLAQ allocates resources to maximize the
total quality improvement (loss reduction), the average loss value of all active jobs using
SLAQ is much lower than with the fair scheduler. In particular, SLAQ’s average loss value
1s 0.49 at each scheduling epoch, which is 73% lower than that of the fair scheduler.

Figure shows the average time it takes a job to achieve different loss values. As
SLAQ allocates more resources to jobs that have the most potential for quality improvement,
it reduces the average time to reach 90% (95%) loss reduction from 71s (98s) down to 39s
(68s), 45% (30%) lower. At the very end of the job execution, further iterations take longer
time as the job quality is less likely to be improved. Thus, in an environment where users
submit exploratory ML training jobs, SLAQ could substantially reduce users’ wait times.

Figure[3.8|explains SLAQ’s benefits by plotting the allocation of CPU cores in the cluster
over time. Here we group the active jobs at each scheduling epoch by their normalized loss:

(1) 25% jobs with high loss values; (ii) 25% jobs with medium loss values; (iii) 50% jobs

“Recall that the loss reduction for each iteration is independent of the amount of resources the job is
allocated; the resource allocation instead dictates the amount of wall-clock time each iteration takes.
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Figure 3.9: The performance difference between SLAQ and a fair resource scheduler is
more significant under workloads with greater contention, e.g., jobs arriving with a mean

arrival time of 4s compared to 10s.

with low loss values (almost converged). With a fair scheduler, the cluster CPUs should be

allocated to the three groups proportionally to the number of jobs. In contrast, SLAQ adapts

to the job quality improvement, and allocates much more computation resource to (i) and

(i1). In fact, jobs in group (i) take 60% of cluster CPUs, while jobs in group (iii), despite

having 50% of the population, get only 22% of cluster CPUs on average. SLAQ transfers

many resources from nearly converged jobs to the jobs that have the most potential for

significant quality improvement, which is the underlying reason for the improvement in

Figure[3.7]
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Handling Different Workloads

The achieved qualities of training jobs strongly depend on the cluster workload. As the
workload increases, it becomes more important to efficiently utilize the resources. In this
experiment, we vary the mean arrival time of new jobs, which in turn varies the number of
concurrent jobs, and observe how SLAQ and the fair scheduler handle resource contention
under different workloads.

Figure [3.9]illustrates that SLAQ achieves a greater relative benefit over a fair schedule
under more contentious or aggressive workloads. We start with a mean arrival time of 10s
(or equivalently, 6 new jobs per minute). Under the light workload, the computation re-
sources are relatively abundant for each job, so the time to reach 90% (95%) loss reduction
is similar for both schedulers, with SLAQ performing 23% (20%) better.

As we increase the system workload with smaller mean job arrival times, cluster re-
source contention increases. SLAQ allocates resources to the jobs with the greatest poten-
tial. As a result, when the mean arrival time is 4s (15 new jobs per minute), SLAQ achieves
an average time for jobs to reach 90% (95%) loss reduction that is 44% (30%) less than the

fair scheduler.

3.5.3 Robustness of Prediction

SLAQ relies on an estimate of the expected loss reduction of a job, given a certain
resource alloction (see §3.3.2)). To ensure stability, SLAQ makes a reallocation decision only
once per scheduling epoch. Thus, the scheduler requires (i) the loss predictor to precisely
estimate the loss values at least a few iterations in advance, and (ii) the runtime predictor
to accurately report how long each iteration takes with a certain number of allocated cores.

Figure plots the loss prediction error for the types of ML algorithms we tested
(Table[3.1). We compare the loss prediction error relative to the true values for 10 iterations,
with both strawman and weighted curve fitting methods of Our prediction achieves

less than 5% prediction errors for all the algorithms.
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Figure 3.10: SLAQ loss / runtime prediction and overhead.

Recall that SLAQ uses a simple heuristic to estimate the iteration runtime with N cores.
To demonstrate that each iteration’s CPU time is c¢- S (¢ as a constant), regardless of how
many workers are allocated, we evaluate the total CPU time to complete an iteration with
a fixed data size S. We vary the number of workers (32 cores each) between 1 and 8 and
training neural network models of sizes from 10KB to 10MB. Figure[3.10(b)|illustrates that,

at least for ML models smaller than tens of MB, communication and model synchronization
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do not affect processing time. Therefore, when dynamically changing N, an iteration’s time

can simply be estimated as ¢ -S/N. We discuss extending SLAQ to large models in

3.5.4 Scalability and Efficiency

Figure[3.10(c)| plots the time taken by SLAQ to schedule tens of thousands of concurrent
jobs on large clusters (simulating both the jobs and worker nodes). SLAQ makes its schedul-
ing decisions in between hundreds of milliseconds to a few seconds, even when scheduling
4000 jobs across 16K worker cores. These decisions are made each scheduling epoch, a
timeframe of a few seconds. As shown in Figure [3.6] the more iterations in advance SLAQ
predicts, the larger potential error it will incur. The agility of SLAQ enables the scheduler
to predict only a few iterations in advance for each ML training job, adjusting its resource
allocation decisions frequenty to meet the jobs’ quality goals. SLAQ’s scheduling time is
comparable to the scalability of schedulers in many big data clusters today, leading us to

conclude that SLAQ is sufficiently fast and scalable for (rather aggressive) real-world needs.

3.6 Discussion

Communication overhead. SLAQ s tested with ML models that have a moderate number
of parameters. Recent developments in distributed frameworks for training ML models,
especially deep neural networks (DNN), incur more communication and synchronization
overhead between the ML job driver and worker nodes. For example, with a large number
of perceptrons and multiple layers, a DNN model can grow to tens of GBs [76,90].

Since our current implementation is based on Spark, the driver essentially becomes
a single-node parameter server [3], which is responsible for gathering, aggregating, and
distributing the models in every iteration. This communication overhead—due to Spark’s
architecture—limits our ability to train large models.

Several solutions have been proposed to mitigate the communication overhead problem.

Model parallelization using architectures based on parameter servers or graph computing
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proportionally scale the model serving nodes with the workers [15 15,178, [116]. With these
optimized frameworks, SLAQ’s performance improvement based on online prediction and

scheduling heuristics should apply to large ML models.

Distributed ML training with relaxed consistency. Distributed ML frameworks used
in practice leverage a relaxed consistency model with bounded staleness [43] to reduce
the communication costs during model synchronization. The convergence progress of the
underlying ML training algorithms is typically robust to a certain degree of fluctuation and
slack, so the efficiency improvement obtained from the parallelism outweighs the staleness
slowdown on convergence rate.

A commonly used execution model with bounded staleness is Bulk Synchronous Par-
allel (BSP), which allows multiple workers to individually update on partitioned training
data and only synchronizes their models every several iterations [38, [116, |89]. We can
extend SLAQ to support these frameworks by collecting the batch iteration time on each
worker, and the model quality and communication time at each synchronization barrier to
help estimate the loss reduction under the two levels of iterativeness. In fact, the conver-
gence property of ML training is also studied in [89] with the BSP execution model under

various conditions (e.g., varying communication latency and cluster sizes).

Non-convex optimization. SLAQ’s loss prediction is based on the convergence property
of the underlying optimizers and curve fitting with the loss history. Loss functions of non-
convex optimization problems are not guaranteed to converge to global minima, nor do they
necessarily decrease monotonically. The lack of an analytical model of the convergence
properties interferes with our prediction mechanism, causing SLAQ to underestimate or
overestimate the potential loss reduction.

One solution to this problem is to let users provide the scheduler with hint of their
target loss or performance, which could be acquired from state-of-the-art results on similar

problems or previous training trials. The convergence properties and optimization of non-
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convex algorithms is being actively studied in the ML research community [30, [75]. We

leave modeling the convergence of these algorithms to future work.

3.7 Related Work

Approximate computing systems. Many systems [25,162} 166, 17,21,/109] allow users to
get approximate results with significantly reduced job completion time. Online aggregation
databases [123, [62] generate approximate results and iteratively refine the quality. While
we designed SLAQ for iterative ML training jobs, our techniques are broadly applicable to

scheduling data analytics systems that iteratively refine their results.

Scheduling ML systems. Large-scale ML frameworks [86, [15, 5, (78}, 137, 1102, [14] op-
timize the computation and resource allocation for multi-dimensional matrix operators
within a training job. These systems greatly accelerate the training process and reduce
job’s synchronization overhead. As a cluster scheduler, SLAQ could support different un-
derlying ML frameworks (with modifications) in the future, and allocate resources at the

job level to optimize across different ML training jobs.

ML model search. Several systems [103} [104] are designed to accelerate the model
searching procedure. TuPAQ [104] uses a planning algorithm to discover hyperparameter
settings and exclude bad trials automatically. SLAQ is designed for ML training in general
exploratory settings on multi-tenant clusters. Automated model search systems could work

in conjuction with SLAQ for faster decisions and better cluster utilization.

Cluster scheduling systems. Existing cluster schedulers [[119}163,152, 127,57, 164]] primar-
ily focus on resource fairness, job priorities, cluster utilization, or resource reservations, but
do not take job quality into consideration. They mostly ignore the quality-time trade-off,
and the quality trade-off between jobs. This trade-off space is crucial for ML training jobs

to get approximate results with much less resource usage and lower latency.
46



Estimation of resource usage and runtime. Ernest [110] predicts job quality and
runtime based on the internal computation and communication structures of large-scale
data analytics jobs. CherryPick [19] improves cloud configuration selection process
using Bayesian Optimization. Despite the generality, these systems require jobs to be
analyzed offline. When users debug and adjust their models, the computation structure is
likely to change very often, and thus the offline analysis will bring significant overhead.
NearestFit [40] provides a progress indicator for a broad class of MapReduce applications
with online prediction. SLAQ uses also online prediction to avoid offline overhead, and

leverages the iterative nature of ML training jobs to improve the accuracy of prediction.

Deadline-based scheduling. Many systems [20, [111, [71, 46] utilize scheduling to
meet deadlines for batch processing jobs or to reduce lag for streaming analytics jobs.
Jockey [S1] uses a combination of offline prediction and dynamic resource allocation to
ensure batch processing queries meet their latency SLAs while minimizing their impact on
other jobs sharing the cluster. Instead of hard deadlines, some real-time systems [112}65]]
use soft deadlines and penalize additional delay beyond the deadlines. However, these sys-
tems mainly consider the quality-runtime trade-offs for a single job, instead of optimizing

across multiple approximate jobs.

Utility scheduling. Utility functions have been widely studied in network traffic schedul-
ing to encode the benefit of performance to users [69, [73,180]. Recent work on live video
analytics [[124]] leverages utility-based scheduling to provide a universal performance mea-

surement to account for both quality and lag.

3.8 Conclusion

We present SLAQ, a quality-driven scheduling system designed for large-scale ML training

jobs in shared clusters. SLAQ leverages the iterative nature of ML algorithms and obtains
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application-specific information to maximize the quality of models produced by a large
class of ML training jobs. Our scheduler automatically infers the models’ loss reduction
rate from past iterations, and predicts future resource consumption and loss improvements
online for subsequent allocation decisions. As a result, SLAQ improves the overall quality

of executing ML jobs faster, particularly under resource contention.
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Chapter 4

ReLAQS: Reducing Latency for Approximate

Queries via Scheduling

Modern web dashboards allow users to interact with data visually. Data scientists and
engineers across many sectors—finance, manufacturing, communications, marketing, [oT,
and DevOps—use these dashboards to quickly answer questions about their data, often
either by directly writing SQL queries or using visual editors that automatically construct
the appropriate SQL query. As data sizes have grown dramatically in recent years, both
researchers and industry have sought ways to maintain interactive responsiveness, which
necessitates keeping query response times sufficiently low while maintaining high quality,
meaningful results.

Several approaches have been proposed to improve interactive latency when accessing
very large datasets. One of the most popular has been Approximate Query Processing
(AQP), which can provide quick, approximate results to users by running queries on a

subset of the overall dataset.

Online aggregation In particular, online aggregation is a type of online sampling in
which results are iteratively improved by progressively sampling a larger and larger per-
centage of the overall dataset until either the user is satisfied with the result, or the entire

dataset is processed. Typically, online aggregation systems also calculate error bounds
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with a given confidence, allowing the user to make a decision about whether to continue
processing data.

Online aggregation has been adopted in distributed settings to further reduce latency.
In these systems, each mini-batch is run sequentially, but is partitioned across many worker
nodes. These multi-tenant clusters are often shared between data scientists, analysts,
or applications submitting several queries simultaneously, typically on shared datasets.
Though parallelizing computation this way helps reduce latency, the benefits are reduced
as the clusters become bogged down with many simultaneous queries competing for
the same resources. In fact, some data-science-heavy companies have reported resource
requests to their query processing systems that are 5x their system capacity during peak
hours [68]. When these systems become overloaded, solutions involve putting queries
into long scheduling queues, causing spikes in latency. These systems become overloaded

because as each new query is submitted to the cluster, all active queries’ shares of resources

1

1
are reduced from 3 10 =,

according to the standard policy of fair-resource scheduling.

Online aggregation produces diminishing returns Each progressive sampling of the
data (called a mini-batch) processes roughly the same amount of data, as they are each of
approximately the same size. However, not all mini-batches within a query are equally
valuable to the user. For example, upon the completion of the first mini-batch, the user
goes from no knowledge of the final result to a very rough estimation. By contrast, the
final mini-batch takes the user from what is already a very precise estimation to the true
final result. In between, the value of each mini-batch to a user is not linear. In Figure @,
a query’s absolute error (the difference between the estimated and true result, normalized)
is shown over time as more and more mini-batches are completed. The amount of progress
towards zero absolute error is not linear; due to statistical closed-form estimations of error,

we can expect this curve to be sub-linear with high probability.
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Figure 4.1: Normalized absolute error of an approximate query processing system running
TPC-H query 6. The baseline here shows how long the same query takes in a traditional
SQL-on-hadoop system.

This introduces a big opportunity: mini-batches that provide more valuable results to
users generate more progress per unit of resource than mini-batches providing only small
improvements in results. In particular, queries that have been submitted more recently will
typically be improving their results more quickly than older queries. An example of this
can be seen in Figure[4.2] where we show that the average progress of all queries in a cluster
increases more quickly when more resources are given to queries with more potential for
improvement.

Though there has been a lot of work on sampling that has focused on the trade-offs
between online and offline sampling and how to best reduce error in intermediate re-
sults [17, 153} [123) 162], none of this work has addressed how to schedule approximate
queries to avoid wasting resources. Due to the unique structure of these approximate
queries and the multi-tenant environments in which they are being run, we argue that
resources are not being apportioned correctly to help give the best results to users with

minimum latency.
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Figure 4.2: Giving more resources to queries with more error helps them get higher quality
(i.e., less erroneous) results faster.

In this chapter, we take advantage of this misalignment of resources to reduce the ex-

pected latency for a query to reach a reasonably accurate result. Our scheduler uses the in-

termediate results provided by an online aggregation system, makes decisions about which

queries have the most potential for result improvement in the near future, and reapportions

resources appropriately.
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Figure 4.3: This screenshot shows an example of an interactive web dashboard that allows
users to submit online SQL queries on their data.
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Progressive Visualization One motivating application area for AQP systems is progres-
sive visualization, or incremental view maintenance [18, [99]]. Progressive visualization
applications are typically dashboards containing one or more queries. When a page is
loaded, or an action is taken by a user, those queries are submitted to an AQP system. An
example of this can be seen in the sample dashboard in Figure .3] Because the system
provides intermediate results, the progressive visualization application can begin to graph
those results much earlier than dashboards backed by traditional SQL-on-Hadoop systems.
Because these intermediate results are only approximate, the graphs typically display error
bars to indicate how accurate the results are, and as the query continues to run on the AQP
system, the graph(s) that the user sees are updated in real time.

As a motivating application for AQP systems, understanding how the latency of the
underlying AQP system affects users is crucial for creating a scheduler whose goal is to
reduce a user’s effective latency. Prior work [99, 94] has discussed the idea that extremely
small reductions in error are not useful to users who cannot see them. That is, if a query’s
incremental progress is not large enough to create a noticeable change to the Ul provided
to the user, that progress was useless, and the resources taken by that progress would have
been better spent on other queries. Motivated by the same philosophy, ReLAQS gives re-

sources to queries that are more likely to create a noticeable change to the user sooner.

Our solution This chapter introduces ReLAQS, a progress-aware scheduler. ReLAQS
takes resources from older jobs whose potential for progress has slowed and gives them
to newer jobs. In doing so, ReLAQS is able to improve approximate result quality and
reduce latency. In designing ReLAQS, we made several important contributions.

First, we had to decide how to best quantify how much progress a particular approxi-
mate query was making compared to another. While many approximate systems provide
confidence intervals to help users understand how much progress a query has made, we

explore why it is impractical to use them to estimate progress in a way that allows queries
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over different columns and datasets to compare to one another (§4.1.2). We propose an
alternative solution using only the approximate results to compare queries’ progress to one
another with almost no overhead (§4.3.3).

Second, in order to predict the amount of progress an extra unit of resources provides,
we must be able to predict the rate at which each query progresses with relative precision.
We not only must predict the amount of error reduction each mini-batch provides, but also
the amount of total compute time required for each mini-batch. This can be challenging for
queries whose results are particularly noisy. We present an approach which allows us to fit
a curve to the progress of a query in a responsive online manner (§4.3.4).

Third, we discovered trade-offs between traditional fair resource scheduling and Re-
LAQS. ReLAQS greatly reduces latency for queries in their earlier stages, and increases
latency for those in very late stages. We discuss some factors affecting this trade-off, such
as job arrival time and minimum resource allotment which would allow the cluster man-
ager to favor queries at different error levels based on the needs of the users and cluster
utilization (§4.5.2).

ReLAQS was implemented as a scheduler on top of Apache Spark [120] for iOLAP
[123], an online aggregation system. ReLAQS supports all of the queries supported by
10LAP with no modifications. When an iOLAP query completes a mini-batch, it reports
its most up-to-date estimation of the true answer to ReLAQS, which uses that information
to provide resources to the various queries in the system. We evaluated ReLAQS on a subset
of TPC-H benchmark queries using data sets of varying sizes provided by TPC-H. ReLAQS

reduces the latency the required for the average query to reach 90% accuracy by up to 47%.

4.1 Background

In this section, we compare the various forms of AQP (§4.1.1) to illustrate why we chose
to build a scheduler for incremental, sampling-based AQP systems (also known as online

aggregation). We then describe the limitations of well-known error estimation methods
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(§4.1.2) and how they pose a challenge for our scheduler. Finally, we have a look at the
state-of-the-art cluster scheduling systems and discuss why there is a need to replace exist-

ing schedulers, which are wasteful when scheduling for AQP applications (§4.1.3).

4.1.1 Various forms of AQP

Existing AQP systems are designed along many axes, of which two are particularly
important: (1) sampling vs sketches, and (2) one-time vs incremental processing. In this
section, we will compare the pros and cons in both dimensions and discuss why we choose
to build a scheduler for incremental, sampling-based AQP systems in our work.

Sampling and sketching are both techniques to achieve close approximation of the true
answers with significant cost savings. Sampling primarily saves computation by skipping
over a large fraction of the dataset, while sketching primarily saves space by maintaining
lossy summaries of the data processed so far. There are two main limitations of sketching
solutions: first, they are often highly-tailored to specific problems and thus not general
enough to support many workloads, and second, they can never reach the true answer, since
sketches are lossy by definition. For these reasons, sampling is by far the more common
approach adopted in AQP systems.

Another design choice for AQP systems is whether to return a single answer at the end
of computation (one-time) or to return multiple answers that are progressively refined over
time (incremental). One-time processing solutions often require the user to specify a time
or error bound, which may be cumbersome to provide. In contrast, incremental processing
provides a smooth trade-off between computation time and query accuracy. The system
can process more and more data until the user is satisfied with the answer. For example, if
the user later decides they want an exact answer, then they can run the existing computation
to completion (until 100% accuracy) instead of having to re-run the query from scratch.

One important advantage of online aggregation (incremental processing) is that it is
more suitable in interactive settings since it gives the user quicker feedback. This is im-

portant because one can deduce the progress of a query processing job quickly based on
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the error returned with the answers. In a multi-tenant environment, the cluster scheduler
can then use this information to dynamically decide how to best distribute resources among

jobs running on the cluster.

4.1.2 Error estimation

A crucial feature of any AQP system is the ability to return a measure of how accurate
an approximate answer is. Without this knowledge, the user cannot decide whether a given
answer is good enough and whether or not to attempt to reach a more accurate answer. In
this section, we discuss the shortcomings of existing error estimation techniques and why
our scheduler cannot simply rely on them to measure progress in query.

Three main approaches have been proposed to estimate error: closed-form estimation
[70], large deviation bounds [S6], and bootstrap [50]. Closed-form estimation and large
deviation bounds are both analytic methods for bounding the answer. However, because
both approaches rely on manual analysis of the query operation in question, they are not
applicable to general workloads, which may be arbitrarily complex. For example, one
cannot use these approaches for queries containing subqueries or user-defined functions.

In contrast, bootstrap is widely applicable to general computation. This method com-
putes confidence intervals as follows. First, given a batch of data of size n, the system
repeatedly resamples this batch of data with replacement to produce many bootstrapped
samples of the same size n. Then, the system runs a trial (computation) on each of these
bootstrapped samples to produce a distribution of approximate answers. Finally, from this
distribution, one can expand from the median value in both directions to find the bounds
that capture 95% of the data points in this distribution (for 95% confidence intervals). For
instance, this is the approach used in iIOLAP[123]].

The bootstrap method has two weaknesses. First, its generality comes with a cost. Run-
ning more bootstrap trials increases the quality of the bounds but also increases the amount
of computation needed, hence inflating response times. Second, it may produce confidence

intervals that are not accurate enough for use in practice. For instance, a study of Face-
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book’s queries over a 7-day period reveals that close to 40% of the bounds produced with
bootstrap either overestimate or underestimate the approximation error [[16]. An important
corollary of this is that the width of the confidence intervals returned by these AQP systems
may not be an accurate representation of the progress a query is making.

As such, we find that the main approaches for error estimation proposed by previous
AQP systems are not sufficient for our needs. To build a robust scheduler for AQP systems,

we must find our own way to represent progress that is both general and accurate.

4.1.3 State-of-the-art Cluster Scheduling

Modern day clusters are often shared among multiple tenants. The cluster scheduler
is responsible for distributing the limited set of resources to the applications run by these
tenants. In this setting, an application runs one or more jobs. Common objectives of
the cluster scheduler include maintaining high resource utilization and ensuring resource
fairness among the jobs running on the cluster. For instance, dominant resource fairness
[52], a generalization of max-min fairness to multiple resources (most commonly memory,
CPUs and GPUs), is the most widely-adopted scheduling algorithm adopted by existing
cluster schedulers [119,163]. These scheduling systems treat jobs running on the cluster as
black boxes and make decisions only based on the demands submitted by the users and the
current load.

When applied to approximate applications like incremental AQP, however, this strategy
forgoes opportunities to make more efficient use of the cluster resources. Because of di-
minishing returns, query processing jobs in their early stages benefit much more from an
extra unit of resource than those in their late stages. For example, the difference between a
90%-accurate answer and a 91%-accurate answer in a late stage job may not be important
or even perceivable to the user. In contrast, the difference between a wildly inaccurate an-
swer and a 70%-accurate answer in an early stage job actually matters. In this case, taking
resources away from the late stage job and giving them to the early stage job will lead to

quicker insights gained by the user. This is especially true for exploratory and visualization
57



use cases (e.g., dashboards), where a ballpark answer is often sufficient for the user to make
decisions.

In other words, we argue that fairness should be defined in terms of the utility gained
by the user instead of resource usage. Jobs that provide to users a lot of utility should be
prioritized and given more resources. This is the scheduling philosophy adopted by our
system, ReLAQS. Note that utility is a concept defined by the application. Unifying all
these different notions of utility across applications sharing the cluster is a key challenge

we must address.

4.2 System Overview

4.2.1 Traditional Hadoop Schedulers

ReLAQS is a cluster scheduling framework for approximate queries running in a shared
multi-tenant environment. We accomplish this by targeting AQP systems with long-running
workers whose jobs are partitioned into small tasks. This allows quick resource alloca-
tion changes with minimal overhead. As a result, we chose to build ReLAQS for SQL-on-
Hadoop AQP systems, and the scheduler was designed to replace a Hadoop scheduler.

In a traditional Hadoop cluster, one server acts as the centralized scheduler while other
servers are workers that process data in an embarassingly parallel manner. The driver
process serves as the gateway between the user and the cluster: when a job (in this case,
a query) is submitted to the system, the driver asks the centralized scheduler for resources
and partitions the job into a direct acyclic graph (DAG) of stages. The stages are further
broken down into tasks, each of which runs the same computation on a different partition
of the input data. This architecture is often referred to as two levels of scheduling, where
the job-level scheduling happens on the centralized scheduler and the task-level scheduling

happens on the driver.
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Increasingly, users are starting to run the driver as a long-running process that also acts
as the centralized scheduler [7,[12]], thus blending the two levels of scheduling. This slightly
different architecture has two important advantages. First, worker processes are now also
long-running and shared across jobs, bypassing the overheads of launching and tearing
down containers every time a job starts or finishes. Second, the scheduler now has control
over which specific task each worker should run, allowing for fine-grained rebalancing of
resources among jobs running on the cluster (as opposed to having to expensively preempt
entire jobs in the traditional architecture). For the rest of the chapter, this is the architecture

we assume, where the driver is also responsible for scheduling across jobs.

4.2.2 Online Aggregation on Hadoop

In distributed online aggregation systems, when a query is submitted to the driver, the
driver randomly partitions the data into n mini-batches. These mini-batches are made up
of shuffled data to ensure that each mini-batch is representative of the whole dataset. Then,
as with traditional SQL-on-Hadoop systems, each mini-batch query is itself converted to a
series of map and reduce stages which are further broken into tasks, each one representing
the same computation over a small subset of the mini-batch. Figure shows how the
driver transforms the initial query to tasks for the workers to execute.

When a query’s first approximate result is returned to the driver, the user is given the
approximate result as well as the confidence interval surrounding that result. The user’s
program can then decide whether to launch the next mini-batch or accept the result and

stop running the query.
4.2.3 Using AQP results to Schedule in ReLAQS

Like the fair scheduler, ReLAQS also maintains a task queue. The difference here is the
task queue in ReLAQS ranks tasks based on how much potential their parent queries have

on improving their results. This is shown in Figure 4.4(b)
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Figure 4.4: High-level ReLAQS system overview

When a mini-batch is completed, the underlying AQP system returns an approximate
result to the driver. This result is forwarded to ReLAQS, which keeps a record of all ap-
proximate results of each active query. The scheduler then periodically readjusts resource
allocations based on the approximate results of all of the queries in the cluster; the methods
used to decide the allocations are expanded upon in section 4.3] Because each task typi-
cally is limited to between a few hundred milliseconds and a few seconds, the scheduler is
able to quickly reclaim resources from one query and reapportion them to other queries in
only a few seconds.

Unlike traditional Hadoop schedulers that allocate resources at the start of a job and
then do not change allocations, we needed to be able to quickly reallocate as new queries
enter the system or old queries become less productive. While each mini-batch (which can
take a minute or two, or longer) is a separate job, adjusting resources only at the mini-batch

boundary would incur a delay to resource allocation that would severely impact our ability
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Predictable Normalizable Low Overhead Online Reliably Accurate

Absolute Normalized Error v v N/A X v
Conf. Interval Width X v X v X
A Conf. Interval Width X v X v X
Absolute Result v X v v v
A Absolute Result (Our Metric) v v v v v

Table 4.1: Defining progress is complicated; any metric must be smooth, predictable, nor-
malizable, online, and an accurate representation of the progress an approximate query has
made.

to distribute resources in a timely manner. Tasks, on the other hand, tend to have a latency
on the order of ~ 100s of milliseconds. This allows ReLAQS to quickly change resource
allocations with extremely low overhead. Thus, ReLAQS instead reallocates resources at

the task-level rather than the job-level.

4.3 Design

In this section, we discuss the key design challenges of ReLAQS and the mechanisms by
which we address them. Our goal is to create a scheduler that can minimize error (alterna-
tively, maximize progress) across all queries submitted to a multi-tenant incremental AQP
system. In order to do this, we must meet a few goals. First, we must be able to accurately
compare progress between queries. We propose a global metric that all queries can use to
compare their progress (§4.3.1)), and discuss the limitations of other approaches (§4.3.2).
We must also be able to accurately predict how much a query will improve its approxi-
mate result in a given amount of time (§4.3.3). We next discuss how predicting a query’s
progress online is necessary to schedule resources accurately (§4.3.4) and an accurate way
to do so (§4.3.5). We then discuss some queries and datasets that make prediction particu-
larly tricky and how we addressed them (§4.3.6). Lastly, we discuss the process by which
we maximize total query progress using this error prediction (§4.3.7). This algorithm is

how ReLAQS decides how many resources each query will be given over the next epoch.
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4.3.1 Choosing a progress metric

Measuring each approximate query’s progress is a crucial part of partitioning the clus-
ter’s resource between queries. Defining a query’s progress both allows ReLAQS to compare
how one query’s results have improved over time and how two queries’ results compare to
one another. In this chapter, we use the terms progress and error—the two are inversely
related. A query that has made a large amount of progress has a result with a small amount
of error and vice versa.

In online aggregation, after each mini-batch, an approximate result is returned to the
user, along with error bounds. If ReLAQS had an oracle and knew the final answer of each
query, we would know the error of each answer: simply the difference between the true
answer and the estimated result so far (row 1 in Figure . Howeyver, since we do not
know the final answer of a query at runtime, it is important that we estimate a query’s
progress online.

The metric ReLAQS uses for progress must have several important properties, enumer-
ated in Figure @ First, it must be predictable, i.e., it must be relatively smooth. This
is necessary so that our scheduler can accurately predict how assigning resources to each
query will affect their progress. Second, this metric must be normalizable; to compare
progress between queries, we must be able to scale the progress metrics to the range [0,1].
Third, this metric must incur very low overhead to calculate in order to keep have a respon-
sive scheduler with small epochs. Fourth, this metric must be known at runtime (online) as

it will be used at runtime. Finally, it is an accurate predictor of the true error.

4.3.2 Limitations of Confidence Intervals

A natural way to estimate progress is to look at the width of the confidence interval(s)
returned by the AQP system. After all, if a user sees a smaller confidence interval, it is
natural to expect the results to be more accurate. However, using these as a metric for

progress has several drawbacks.

62



Confidence intervals are inaccurate As discussed in §4.1) sampling-based AQP sys-
tems have taken several approaches to try to estimate error bounds. Quite a few solu-
tions have been proposed that estimate confidence interval bounds using closed-form so-
lutions based on the central limit theorem [17], while others have used statistical boot-
strapping [123]]. The former approach is only applicable to 40%-60% of queries, making
it impossible to assign a progress metric to the remaining queries whose errors cannot be
estimated with closed forms. Bootstrap sampling, on the other hand, only provides accu-
rate (less than 20% error) estimations for 60%-70% of queries [16]! If we were to use the
widths these confidence intervals as estimations of progress, an inaccurate estimation could
lead to starvation for queries whose progress was overestimated, or wasting resources on

queries whose progress was underestimated.

Confidence intervals are unpredictable In order to properly divide resources between
queries, we must be able to accurately predict a query’s progress. In practice, we have
found through experimentation that the width of a confidence interval does not necessarily
follow a predictable pattern when using statistical bootstrapping. In Figure §.5] we see
that for some queries (Queries 1,6 of the TCP-H benchmark), the normalized width of the
confidence interval does not change much as more data is processed, while in others, it
does (Queries 16,19). While in both cases, the width of the confidence interval is generally
predictable, in the cases of Q1 and Q6, the confidence interval does not accurately estimate
the absolute error of the result, nor is it comparable between queries with different data
ranges.

To rectify this, we investigated using the change in confidence interval width, which
certainly will approach 0 as more data is processed. However, we found that the change
in confidence interval has the potential to be quite noisy. Moreover, online normalization
doesn’t work if the largest value is not in one of the first mini-batches. If a later mini-

batch’s confidence interval change is greater than that of the first mini-batch, our scheduler
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would have overestimated progress up until that point, starving that query. Because the
width of the confidence interval is so noisy for many queries, this problem happens often.
Because of the inaccuracy of predicted confidence intervals, the unpredictability of
them in an online manner, and the overhead sometimes associated with them described in
§4.1] it is clear that we need to use a different metric to understand how much progress a

query has made.

4.3.3 Change in Estimated Result as Progress

Instead, ReLAQS uses the normalized change in the estimated result to estimate
progress, as it satisfies all of these requirements. More formally, if the i mini-batch gives
an approximate result X;, the way ReLAQS quantifies progress is the the metric:

Xi—Xi

P = —
' max(Xi —Xl;l)Vi

4.1)

This metric is predictable because its curve converges at a given rate and is relatively
smooth. It is normalizable because it takes the full range [0,1]. It requires low compu-
tational overhead because it requires no additional computation once given the result by
the underlying AQP system. It can be calculated online because its only input are approxi-
mate results which are known at runtime. Lastly, it is an accurate estimator of error.

As the total error in the result is reduced, the rate of change of the result slows ac-
cordingly. This is shown in Figure[4.5] which compares our normalized progress metric to
the normalized absolute error of an approximate result to our progress metric. For TPC-H
queries, our progress metric estimates true error with only a 5.15% error on average. This
figure also compares how the change in the width of the confidence interval returned by
the AQP system compares to the absolute error. Though the change in confidence interval
width also approximates the estimate of true error with only 7.9% error, it is noisier and
thus harder to predict. In addition, for metrics in which the confidence interval changes

only slightly, the CI width metric can lead to overestimation of error in later mini-batches.
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Figure 4.5: Several TPC-H queries’ normalized absolute errors compared to ReLAQS’s
progress metric. A metric is a better estimate of progress if it more closely follows the red
line labeled error.

In addition to being a good estimator for the absolute error of a query, this metric also
acts as a proxy for the visual change a dashboard user would see. Because our metric
measures the change in answer, we would expect the change in answer to be proportional

to the change in the visual dashboard. We discuss this further in §4.6]

4.3.4 Predicting Query Progress

Now that we have an accurate and comparable progress metric P;, we must predict how
much progress each query will make over the next scheduling epoch.

At each scheduling epoch, ReLAQS predicts how much more progress each query would
make if given a set of resources. This knowledge is used to help decide how many resources

to apportion to each query during the next epoch. In order to make these predictions,
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ReLAQS must have an analytical model to understand the rate at which the underlying AQP
system reduces error in its intermediate answers.

To understand the rate at which our progress metric changes, recall that our progress
metric is the normalized difference between approximate results from each mini-batch.
Suppose the query is an average over a column. We call the result of the i mini-batch X;,
and our progress metric P; (1).

Because our goal is to predict the rate of change of P;, we can ignore our normalization
term and approximate P, = X; — X;_1. Our goal is to understand the curve that P, follows
as more and more tuples are processed by each subsequent mini-batch. Note that N, the

Gaussian formed by each individual mini-batch is simply N(u,-%).

N

E[P| =E[X; — Xi—1|Xi—1, ..., X1]

=EXi|Xi—1] —Xi—1

EN] i—1
== T Xic1 —Xi1
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H—Xi

=— 4.2)

i

We call the absolute error Z; = | — X;| which is the difference between the true result
and the estimated result after i mini-batches. The expected value of the absolute error,

E[Z;], also the numerator in (1) can itself be described by the following.
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Bringing (2) and (3) together, we get that E[P;] = % Since Z; is a constant, and we

normalize our P; values anyways, we can predict P; with the curve m.

We have P, P,_1,...,P; and want to use this information to predict future progress. We
find that simply fitting the progress values we received from the active queries to this curve
provided us with highly accurate predictions for the progress these queries will make during
the next epoch. The accuracy of these predictions depends on how many mini-batches are
expected to be completed during a single epoch.

Because ReLAQS has a very low overhead, we can keep our epochs small, as small as a
few seconds. This means that our progress predictor must only predict a few seconds in the
future. In our experiments, we found that even with small datasets, each mini-batch takes
at minimum around one second, as the setup and synchronization overheads of each mini-
batch are limited by a single driver. So even for the most extremely small datasets, it is

sufficient to predict no more than 5 mini-batches in advance, and 1 mini-batch is generally

sufficient.

4.3.5 Predicting Mini-batch Runtime for Nested Subqueries

While we’ve already decided how best to predict progress as a function of how many
mini-batches have been processed, we haven’t covered how we predict how much wall-time

each mini-batch can be expected to use. Initially, it may seem that this is straightforward: if
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each mini-batch processes the same amount of data, then we would expect each mini-batch
to take the same amount of wall-time, given the same number of resources.

However, in practice, not every mini-batch will process the same amount of data. As
noted in previous online aggregation work [123) [18, [122]], some queries, called nested
queries, are unable to process all data in a single pass. In these queries, an outer query
typically depends on the result of an inner one. In traditional SQL query processors, the
inner query is resolved first, but in AQP systems, an approximate result for the inner query
is given, and the outer query must guess whether to process some data. If it is wrong, the
AQP system must return and reprocess those tuples in later mini-batches. Therefore, later
mini-batches for these queries may take longer to complete as they recompute tuples.

Given that the data is shuffled when a query is submitted, we expect the number of
tuples to be recomputed to rise linearly as more and more data is computed. Other work
has observed this trend [123]. This is borne out by results from previous AQP systems
that show the runtime on these queries to rise linearly. If a query does not have a nested
query, however, we expect each mini-batch to take the same amount of time given an equal
number of resources.

ReLAQS uses past mini-batch runtimes to predict this line. By simply keeping track of
how long each mini-batch takes to complete per core, we simply estimate the rate at which
the mini-batches are slowing down. We use this estimated line Ax + B, along with the size
of the mini-batch S to estimate that the /™ mini-batch will take A(%) + B wall time given

N workers.

4.3.6 Queries with restrictive predicates and narrow groupings

Some queries present unique challenges to understanding progress. While simpler
queries may have only one approximate column, more complex queries may have multiple

approximate columns, use grouping, and use filters.
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Multiple Approximate Columns When a query computes multiple approximate
columns, some columns may be more important than others. If a user’s query has two
or more approximate columns, ReLAQS must decide which column to use to compute

progress. For example, consider the following query on a set of YouTube videos:

SELECT

AVG (play_time), COUNT (x)
FROM

videos
WHERE

type=’'educational’

In this instance, it is likely that what the user is really interested in is the average play
time of educational videos, and are not particularly interested in estimating the count pre-
cisely. ReLAQS provides an API allowing users to specify which approximate column(s)
should be considered for the purposes of measuring progress. By default, ReLAQS assumes
all approximate columns are of equal value and computes the progress as an average of
each approximate column’s progress. This is appropriate if a user is interested in all ap-
proximate metrics equally. Often, however, users desire a specific approximate column to
converge more quickly. For example, a query submitted with two approximate columns
without specifying one as being more important will result in both columns converging at
a similar rate. However, if they specify that only the first approximate column is important,
ReLAQS will optimize for that column. In general, this does not affect behavior much, as
both columns’ convergence rates are a function of what percentage of tuples have been

processed.

Narrow Groupings Another potential set of problematic queries includes queries whose
filters or groupings are over very small subsets. While stratified sampling [17] ensures

that underrepresented groups are represented, online sampling cannot do this. While typ-
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ical queries typically have enough data at the end of each mini-batch to give meaningful
approximate results, these queries may complete many mini-batches without any having
encountered a single tuple that either passes the filter or is a member of a narrow group. In

an extreme case, consider a query like the following:

SELECT COUNT (%) FROM videos GROUP BY user

In this example, many users may have uploaded only one or two videos. The groups corre-
sponding to those users will each have a very small amount of progress until many of the
mini-batches have completed. In these cases, our progress metric would unfairly weight
this particular query. It’s difficult to define progress when the user has gotten no results
yet, despite the fact that from a computational standpoint, many SQL rows may have been
processed. One potential way to deal with these queries is to simply treat them normally. In
the worst case, their progress can be difficult to predict, leading to getting a larger-than-fair
share of their resources. We found that treating these queries normally in practice worked
well; however, in cases with extremely long tails, it may be useful to keep track of how
many rows have been computed for each group and ignore groups corresponding to too

few rows.

4.3.7 Scheduling based on error reduction

Now that we have established a progress metric which can be applied to online aggre-
gation, and can accurately predict how each query’s error will be reduced in a given time,
we can use this metric to maximize the progress of all of the queries in the cluster. As in
resource-fair scheduling, there are several ways to optimize the utilization of the cluster
depending on the optimization metric desired. While the ReLAQS system enables an oper-
ator to easily define their own custom optimization metric, we have chosen to minimize the
total sum of error across all queries in the cluster as the default. Recall that our progress
metric P; allows us to compare the errors between queries due to normalization. Since our

progress metric estimates the inverse of total error, this is equivalent to maximizing the
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sum of the total progress (max-sum) of all queries in the cluster. This is in contrast to some
traditional fair-resource schedulers [63] that focus on maximizing the minimum amount of
progress made by any query (max-min fairness). We chose to maximize the sum of the sys-
tem’s progress because ReLAQS’s goal is to enforce not resource-fairness, but to maximize

cluster utilization.

Maximizing total progress We schedule a set of Q queries running concurrently on our
multi-tenant cluster over the next scheduling epoch 7. This means every 7" seconds, Re-
LAQS will recompute and redistribute resources according to new progress/error informa-
tion it has received from active queries. The optimization problem for maximizing the total
progress of all queries is as follows. The sum of resource allocated to query g, a; must not

exceed the total resource capacity of the cluster C.

maQX Y Progress(aq,t +T) — Progress(ag,t)

s.t.Zaq <C
q

We borrow the algorithm for this optimization from our previous SLAQ work [125],

which uses the same approach to maximizing progress. This is shown in Algorithm [5

Prioritization of performance-sensitive queries Due to the mixed settings in which
queries may be submitted to the cluster, it is possible that a cluster manager may want
some queries to be run with higher priority than others. For example, some queries may
belong to applications providing results to users via a GUI facing customers, while some
data-science-like queries may be less sensitive to high latency during periods of high clus-
ter utilization. In these cases, ReLAQS allows queries to be submitted with a prioritization
level similar to what is provided by many traditional schedulers by default. The prioritiza-

tion level acts as a weight, so if a query has a prioritization level of 2, it will receive twice as
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Algorithm 5 Minimizing Cluster-Wide Error

1: function PREDICTERRORREDUCTION(guery)

2 pred_error = PREDICTERROR(query, alloc[query],epoch)

3 pred_error_pl =PREDICTERROR(query,alloc|query| + 1,epoch)

4 return pred_error — pred_error_p1
5: function ALLOCATERESOURCES(queries)
6
7
8

for all guery in active queries do
alloc[query] = 1
num_cores = num_cores — 1

9: pred_error_red =PREDICTERRORREDUCTION(job)
10: prior_q.enqueue( job, pred_error_red)
11: while num_cores > 0 do
12: query = prior_q.dequeue()
13: alloc|query] = alloc|query] + 1
14: num_cores = num_cores — 1
15: pred_loss_red =PREDICTLOSSREDUCTION(query)
16: prior_q.enqueue(query, pred_error_red)
17: return alloc

many resources as it would have according to the optimization algorithm described above
with a prioritization level of 1. This is analogous to how resource-based max-min fairness

uses priorities to weight certain applications.

Mixing approximate queries with traditional queries It may be quite common that a
data scientist using such a shared cluster may occasionally desire an exact solution instead
of an approximate one, particularly in a case where a SQL query has no good approximable
functions in it (e.g., a MEDIAN query). In this case, users are still able to submit to the
same system. Due to ReLAQS’s ability to quickly reallocate resources, all queries (and
indeed, any jobs that may share the cluster) can be run with a fallback policy of resource-
fair scheduling. After the resource-fair queries have been assigned resources, the remaining
resources will be apportioned according to the progress optimization process described
above.

Moreover, other applications that also can express their progress in a normalized, pre-
dictable way can share the cluster. ReLAQS will provide benefits to applications, such as

machine learning tasks, whose progress also produces diminishing returns.
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4.4 Implementation

ReLAQS was implemented on top of Apache Spark [120]. It is designed to be used with any
iterative AQP system. In our experiments, we used iOLAP [123], an existing incremental
query processing engine built on Spark SQL [24]. iOLAP automatically rewrites a subset of
Spark SQL queries as delta updates, giving the user the ability to obtain partial results after
only a subset of partitions have been processed. Each of these subsets is called a mini-
batch, and once all mini-batches have been processed, iOLAP provides an exact result.
10LAP also provides error bounds for the approximate results via the bootstrapping method
discussed in Section 4.1l

ReLAQS includes a set of modifications to the Spark job scheduler. As with traditional
Spark SQL queries, when each query is submitted, a set of stages made of task pools is
added to a queue, where the ReLAQS scheduler dispatches them to worker nodes. ReLAQS
uses the approximate results from each query’s mini-batches and uses them to make pre-
dictions and decisions about which queries should receive more resources.

ReLAQS modifies the standard resource-fair task scheduler present in Spark. When a
new query is submitted to the system, ReLAQS provides it with a fair-share number of
cores based on the number of queries currently in the system. Until the first mini-batch
has completed, we have no information about its progress, so we simply apportion that
query one n'™ of the resources given n active queries in the system. It does so by assigning
a priority to the tasks associated with that query. When a node in the cluster completes
a task, the driver chooses a new task from its queue based on each task’s priority. This

priority is updated at each epoch.

Unmodified SQL Queries Because iOLAP provides approximate answers to aggregate
SQL queries, ReLAQS is able to take the error bounds provided by iOLAP and schedule
resources with them. In the case that the submitted query returns multiple rows (e.g., the

query is an aggregate over a GROUP BY), ReLAQS simply uses the average of the error
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bounds across all groups as a proxy for progress. However, if a user decides that a more
specific function is a better metric for progress (e.g., the error bounds of the aggregate
of one group impact progress more than another), ReLAQS provides an API by which to
provide this function. iOLAP’s API extends the SparkSQL API so users can submit queries

as follows:

query = sqgl (YOUR QUERY HERE) .online

while query.hasNext
// get next mini-batch
approximate_result = query.collectNext ()

display_to_user (approximate_result)

ReLAQS allows users to take the approximate result and notify ReLAQS of the update, as

follows:

ReLAQS_update (approx_result, approx_columns)

The result here is simply the result returned by iOLAP, while approximate_columns is the
list of columns that should be used to calculate P,. ReLAQS uses these approximate results

to modify the resource allocations.

4.5 Evaluation

In this section, we present evaluation results on ReLAQS. We demonstrate that ReLAQS
(1) significantly reduces the average time for an approximate query to reach an acceptable
error rate and (ii) is able to accurately predict future query error well enough to schedule
queries against one another. Lastly (iii), we discuss how some tunable parameters and

cluster contention affect ReLAQS’s performance.
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4.5.1 Methodology

Testbed Our experimental testbed consists of a cluster of 17 servers (on which we run
1 driver and 16 workers) hosted in our university datacenter. These servers each have 16
CPU cores (Intel(R) Xeon(R) CPU E5-2670 0 @ 2.60GHz) and 60GB RAM, and they are

connected with 40Gb Ethernet links.

Workload We tested our system with a subset of queries known to be supported by
1OLAP[123]]. This is a subset of the TPC-H benchmark (queries 1, 3, 5, 6, 11, 16, and
19). In order to diversify the set of queries, we created datasets of varying sizes up to 1

terabyte.

Baseline The baseline we compare against is a resource-fair scheduler. This is a popular
scheduling policy cluster computing frameworks use. In fact, iOLAP was implemented
on Apache Spark, which uses a resource-fair scheduler. This scheduler evenly divides
resources among all active queries. When a new query joins the system or an old one

leaves, it dynamically adjusts the resource allocations for all active queries.

4.5.2 Simultaneous Query Submission

To evaluate the improvement in approximate results, we first ran a set of 12 iOLAP
approximate queries, representing about an hour of query execution and submission, with
different TPC-H queries and varying data sizes. In this experiment, approximate queries
are submitted to the cluster according to a Poisson distribution with mean arrival time of
120 seconds. This experiment simulates data scientists submitting approximate queries
to a shared cluster, or alternatively, users accessing web dashboards which in turn submit
approximate queries to a shared cluster. A job is considered complete when all of its mini-
batches have completed, providing an exact query result to the user. We are interested in

the aggregate quality of the results of these queries over time.
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Figure 4.6: Many TPC-H queries running simultaneously. The average normalized abso-
lute error of the estimated results of the queries currently active in the cluster is improved
by ReLAQS’s scheduler. For both metrics, progress and error, lower values means more
accurate results. Vertical spikes indicate a new query has been submitted.

We evaluate progress via two metrics: our progress metric (the normalized change in
result) and the normalized absolute error. Our progress metric tells us how quickly the

estimated result is changing. As we showed in §4.3.3] the smaller the change in result, the
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closer the query is to zero error, so smaller values mean more progress has been made. If the
average change in result across all active queries is smaller, the average query in system has
made more progress. As each new query is added to the cluster, the average progress metric
across all queries shoots up immediately (lower indicates more progress). This is because
the new query has just arrived and made no progress made so far. Then, as the cluster
progresses and refines the approximate errors of all queries, the progress metric drops back
down. However, for the ReLAQS scheduler, the cluster is able to focus on younger queries
with the most potential for improvement. Thus, ReLAQS’s average progress value drops
more quickly after each query joins the cluster, as can be seen in Figure

The second metric, which is similar, compares the average absolute error of the esti-
mated results in the cluster between our scheduler and the resource-fair scheduler. In Figure
4.6(b)] the same experiment has been run, but the metric being plotted on the y axis is the
average normalized absolute error of each query. Because our progress metric is only an
approximation for the total error of a result, it is also important to compare the absolute
errors of the queries’ results themselves.

Figure by contrast, shows the amount of time it takes for the average query in the
cluster to reach a given error reduction level. Because ReLAQS allocated more resources
to queries in their early stages, we see that queries scheduled with ReLAQS’s scheduler
reach lower absolute error more quickly. As more and more accurate results are reported,
the time it takes to reach these levels approaches the amount of time it takes under the
resource-fair scheduler. For example, for a query to reach 70% error reduction in Figure
the average query scheduled by ReLAQS takes 55 seconds compared to 104 by the
resource-fair scheduler, a reduction of 47%. For a query to reduce error by 90% in Figure
ReLAQS reduces the average query’s time from 245 down to 193, a reduction of
21%. Only if a user is waiting for an error reduction of 99.7% or more does the resource-
fair scheduler outperform ReLAQS. ReLAQS can substantially reduce latency for the vast

majority of approximate queries.
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nificantly less time for other approximate results.

Note that this crossing point (i.e., the error level at which the average query’s latency is

equal for our scheduler and the fair-resource scheduler) varies with two variables.. The first
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is a tunable parameter, the minimum amount of resources to provide to a query. Though
ReLAQS provides faster results for all queries up to 99.7% of error reduction in this ex-
ample, the remainder of the processing may take much longer. For example, a user who
truly wants a 100% accurate result may have to wait as long as 100% longer for the final
0.3%. Essentially, ReLAQS takes some resources from these queries after they are no longer
making any noticeable progress to the user. By adjusting the minimum resource allocation
provided by ReLAQS, we can achieve a lower overhead for the final 0.3% while reducing
the benefits provided to younger queries, lowering the crossing point.

We argue that incurring higher overheads for late stage queries for the benefit of the
rest of the system is a worthy sacrifice; if the user wanted 100% accuracy, they should
not be using the online aggregation system in the first place, or should submit their query
as a resource-fair query. However, if the cluster manager desires, the minimum resource
allocation can be increased which would lower this crossing point and reduce starvation in
older queries.

In addition to minimum resource allocation, the crossing point is also affected by a
second parameter, the utilization of the cluster. For example, if the cluster’s utilization
is far beyond its resources, e.g. the mean arrival interval between queries is higher than
the rate at which the queries can be processed by the system, the crossing point of these
two curves will be lower, as there are more queries active with high error. As the mean
arrival interval approaches zero (that is, all queries are being submitted simultaneously),
ReLAQS will begin to have similar latency to the fair-resource scheduler as more queries

will have similar progress levels. This can be seen in Figures[d.7(a) and.7(b)| which shows

how varying the mean interval between queries affects this crossing point. With only a 10
second interval (e.g., many queries are being submitted in a quick burst), ReLAQS queries
would expect to have lower latency than a fair-resource scheduler for queries up to 95.2%
of total error reduction, whereas queries with an 120 second average interval would have a

lower latency for queries up to 99.7%.
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Figure 4.8: The average time a query takes to reach 90% error reduction with varying
arrival frequencies.

Mean time to arrival’s effect on performance Though we have chosen 120 seconds as
the mean time to arrival in these experiments, it is also important to understand how the
frequency with which queries are submitted affects ReLAQS. In Figure .8] we explore how
long it takes the average query to reach 90% of error reduction with different average query
submission rates.

With very high rates of submission, queries scheduled by ReLAQS are only marginally
faster to reach 90% error reduction because so many queries arrive in their early stages that
those around 90% receive fewer resources. As the mean time to arrival grows, ReLAQS’s
latency improvements over the fair resource scheduler grow, at 120 and 160 average query
interval. However, as the query interval grows even further, the resource contention re-
duces, and ReLAQS starts to approach the same latency as the fair resource scheduler. This
makes sense; a scheduler with only one active query will give all of its resources to that

one query, causing equal latency between the two schedulers.
4.5.3 Prediction Accuracy

ReLAQS relies on an estimate of expected absolute error of a given query, given a cer-

tain resource allocation. To minimize total system error over the next scheduling epoch,
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Figure 4.9: Several TPC-H queries’ prediction errors. Average prediction for even noisy
queries caps at 5% for 1 mini-batch in advance and 7% for 5 mini-batches in advance.
ReLAQS reallocates resources based on these predictions, so the scheduler needs the pre-
dictor to estimate the error of future mini-batches accurately.

In Figure .9] we take a set of TPC-H queries and use our curve-fitting techniques
discussed in section §.3] We compare the predicted values for our progress metric to the
actual values tested. We were able to predict with less than 7% error for all queries tested
five iterations in advance, and with less than 5% average error 1 iteration in advance. In
this figure, TPC-H query 19, was a query with very narrow filters. When queries have few
data points in the overall dataset that match the filters, both the results themselves and our
progress metric become noisy, causing a slight rise in our predictor’s error. TPC-H query
17, on the other hand, was a query with a nested query; in this example, iIOLAP was forced
to recompute tuples in later mini-batches because the outer query relied on the inner query,
causing some tuples to have been miscomputed. In these cases, later queries sometimes

have larger error in later iterations, causing noisier and harder-to-predict progress curves.

4.6 Discussion

Here we discuss some of the limitations of ReLAQS and some future work.
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Non-CPU resources Due to our choice of iOLAP as our underlying AQP system, which
is implemented as a set of additions to Spark SQL, we faced several implementation chal-
lenges. One of these is that Spark’s scheduler (at the time of iOLAP) schedules CPU cores,
while disk usage, memory, and network utilization are unaddressed. While the number of
CPU cores each query gets 1s a good proxy for other resources, approximate query process-

ing can be memory, disk, and network intensive.

When to stop iterative queries When queries have made significant progress, users may
find it unnecessary to continue iterating as they are happy with the small error. If all users
let all queries run to completion, ReLAQS can become polluted with old queries. If a user
knows ahead of time the error they are willing to tolerate, they can specify that the com-
putation should stop once the accuracy has been increased to some preset €; this can be
calculated with confidence intervals or our progress metric. While we’ve currently left it
up to the user to stop their AQP queries, one of these approaches may be necessary to

prevent the system from becoming too overloaded in a real-world scenario.

Implementation limitations Another interesting tradeoff we faced was our decision
about what level we should schedule queries between each other. By deciding that we
needed the ability to quickly change allocations on the order of a few seconds, Spark
required that the different queries share a driver. When all queries share a driver, all
active queries must share the same driver memory, a scarce resource in approximate
query processing. As many queries in our benchmarks attempted to read entire tables into
memory, this became a limitation. However, using multiple drivers would result in needing
to kill and restart executors every few seconds, the overhead of which would outweigh
the benefits provided by ReLAQS. This tradeoff is implementation specific, and could be

mitigated with a different AQP system.
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Progressive Visualization as a progress metric When data scientists submit queries to
the system, query results are displayed to the user as progressively updating graphs. Other
work has suggested that processing an additional segment of data is only useful as it affects
the view displayed to the user [[114]. Our progress metric, which computes the normalized
difference in result, is a good approximation for this same metric. However, depending
on how a user may have scaled their results, it may become necessary to use dashboard-
specific information to help minimize overall cluster error. For example, in a graph where
a user has plotted the approximate data on a logarithmic scale, changes in a numerically
smaller range are more likely to change the output than changes in a numerically higher
range. As many related works have solved the question of how to sample to best minimize
visualization-based loss, applying those loss functions to ReLAQS is a promising area for

future work.

Other iterative applications While this chapter focuses on iterative AQP queries, we
are excited about the possibility of having ReLAQS work on a cluster sharing different
types of iterative applications. Obviously, we discussed in a previous chapter ML, but
we believe this can be applicable to other applications. If ReLAQS can support different
applications together on the same cluster, the potential for increasing cluster utilization

grows enormously.

4.7 Related Work

Approximate Query Processing systems Many systems 25,162,166, 17, 21,109,1122] al-
low users to get approximate results with significantly reduced job completion time. Online
aggregation databases [123] 162, [18] generate approximate results and iteratively refine the
quality. The structure of these AQP systems shaped decisions about how ReLAQS chooses

to compare and predict competing queries.
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Cluster scheduling systems Existing cluster schedulers [[119,163) 152} 27,157, 164]] primar-
ily focus on resource fairness, job priorities, cluster utilization, or resource reservations, but
do not take job progress rates into consideration. They ignore the error-time trade-off, and
the progress trade-off between jobs (in this case, queries). This trade-off space is crucial

for AQP queries to get approximate results with lower latency.

Estimation of Accuracy Existing work to create confidence intervals around intermedi-
ary results use either bootstrap [50] or closed-form solutions [70]]. Further work to estimate
these methods’ accuracies [[16]] has quantified their behavior. This work helped define Re-

LAQS’s progress metric and thus helped predict future error for scheduling.

Approximate Query Processing Visualization As web dashboards are a major motiva-
tion for ReLAQS, exploring AQP in their context is important. Existing work has explored
the utility users derive from confidence intervals of varying widths [99], as well as the
comparative utilities of different visualizations [94]. They have also created loss functions
meant to maximize graph accuracy with minimal sampling [95]. These loss functions can

be used to map a graph’s visualization to progress.

Deadline-based scheduling Many systems [20, [111} [71, 146]] utilize scheduling to
meet deadlines for batch processing jobs or to reduce lag for streaming analytics jobs.
Jockey [S1] uses a combination of offline prediction and dynamic resource allocation to
ensure batch processing queries meet their latency SLAs while minimizing their impact
on other competing jobs. Instead of hard deadlines, some real-time systems [112} |65]] use
soft deadlines and penalize additional delay beyond the deadlines. However, these systems
mainly consider the quality-runtime trade-offs for a single job, instead of optimizing across

multiple approximate queries.
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Utility scheduling Utility functions have been widely studied in network traffic schedul-
ing to encode the benefit of performance to users [69, 73| [80]. Recent work on live video
analytics [[124]] leverages utility-based scheduling to provide a universal performance mea-
surement to account for both quality and lag. In addition, our recent work on schedul-
ing machine learning applications leverages utility-based scheduling to reduce lag [125].
We borrowed the optimization algorithm from this work, as well as some intuition about

scheduling granularity.

4.8 Conclusion

We present ReLAQS, a scheduling system designed for distributed approximate query pro-
cessing jobs in the environment of a shared cluster. ReLAQS leverages the diminishing
returns of online aggregation to minimize the total amount of error for all active queries in
a cluster. Our scheduler requires no modification to the underlying incremental AQP sys-
tem. By using only the approximate results returned by the AQP system, it can conform to
a wide range of online aggregation systems. ReLAQS automatically predicts future queries’
progress and apportions resources accordingly. This allows it to greatly reduce latency for

the vast majority of approximate queries in resource-constrained clusters.
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Chapter 5

Conclusion

5.1 Summary of Contributions

This dissertation contributes techniques to achieve higher utilization of limited clus-
ter resources for distributed clusters running approximate applications. By leveraging
application-specific properties, which we identify in several applications, we demonstrated
the design and implementation of cluster resource schedulers that help the cluster to
produce more useful work for users. We evaluated these systems and showed significant
latency and accuracy improvements in these applications.

More specifically, this dissertation:

e Motivates the need for utility-based scheduling for approximate applications, laying
out a set of properties of certain applications that can be leveraged to achieve higher
cluster-wide accuracy.

e Designs and implements SLAQ, a cluster scheduler for Machine Learning training
applications that optimizes for the overall quality of models trained by a cluster si-
multaneously. SLAQ presents a unifying metric for utility, predicts each job’s future
utility, and redistributes resources using optimization to get the highest total job qual-

ity across the cluster.
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e Designs and implements ReLLAQS, a cluster scheduler for Online Aggregation appli-
cations that optimizes for minimizing the overall error of estimated results. ReLAQS
explores potential utility metrics in context of expected use-case, uses curve fitting to
predict future estimated error, and redistributes resources to minimize total error. We
also discuss some design tradeoffs present in both SLAQ and ReLAQS and discuss

how they affect both performance and fairness.

5.2 Open Questions and Future Work

When to stop applications All of the approximate applications we looked at in this the-
sis allow users to stop them early if they decide further computation is not useful to them.
While sometimes users have very simple desires (e.g. stop when the result is 80% accu-
rate), they often are more complex than that. Users may not know themselves until they
have a partial result how long they want to run their job for. Furthermore, they can have
complicated utility functions describing how long they’re willing to wait for a given amount
of additional accuracy.

However, asking users to specify their utilities per result further complicates the simple
API we’ve provided to them, and users may not be able to easily quantify their needs.
Automatically deciding when to stop in a way that keeps the API simple remains future

work.

Other Approximate Applications While in this thesis we only tackle Machine Learning
and Online Aggregation, we are confident there are more types of applications for which
these techniques will further apply. One candidate is different types of optimization. Some
of these are simple as they are very similar or indeed the same as Machine Learning al-
gorithms we discuss in Chapter 3. Others are non-convex and require techniques we have
not yet figured out. In non-convex applications, our current approach would starve applica-

tions that have lots of progress to make in the future. This could be mitigated by applying a
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convex hull to their utility/loss curves, but that requires advanced knowledge of their utility
curve in advance, and couldn’t be done online.

As data continues to grow we are confident faster, more responsive answers will be
demanded, as shown by the adoption of tqdm [47]. This will create more and more appli-
cations whose properties align with those discussed in this thesis, allowing our techniques

to be applied and get faster, more accurate results.

Sharing a Cluster Between Different Types of Approximate Applications Conceptu-
ally, our system designs are designed to be job level scheduler. However, for both SLAQ
and ReLAQS, we implemented these schedulers at a task level. We did this to keep our
scheduler lightweight and allow it to quickly move resources from one application to an-
other. However, a job level scheduler would allow different types of approximate applica-
tions, running on different distributed platforms, to share one big cluster, further increasing
the usefulness of the cluster. We are not aware of any current job-level schedulers that
can provide the fine-grained resource distribution needed, the design of which would truly

allow different types of applications to share a set of machines.

5.3 Concluding Remarks

These machine learning and online aggregation applications that we’ve discussed through-
out this dissertation are becoming extremely important to help data scientists inspect and
query into the huge amounts of data companies are collecting. As this data grows, finding
faster ways to gain quick, approximate insights is becoming a key challenge.

In this dissertation, we present a set of applications whose usefulness diminishes over
the course of their execution. We then argue that by redistributing resources as these appli-
cations progress, we can significantly improve these applications’ performance. We do this
by finding universal ways to inspect their progress without significantly impacting com-

plexity from a user perspective.
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We have demonstrated systems built to schedule resources for these applications, and
believe the design principles we present are broadly applicable to future distributed sys-

tems.
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