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C-Store: A Column-oriented DBMS (2005) #1 The Vertica Analytic Database: C-Store 7 Years
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8

Dremel: Interactive Analysis of Web-Scale Datasets (2010): Google4 N HM KW o ...... B3 KA S
TEROBRELIELS . BICTREBESMNIXRFREREZ, NEHPITRIHET S LB . Note that a
number of open source projects are claiming they are building "Dremel". The Dremel system achieves low-
latency through massive parallelism and columnar storage, so the model doesn't necessarily make sense
outside Google since very few companies in the world can afford thousands of nodes for ad-hoc queries.
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MapReduce: Simplified Data Processing on Large Clusters (2004): MapReduce is both a programming
model (borrowed from an old concept in functional programming) and a system at Google for distributed
data-intensive computation. The programming model is so simple yet expressive enough to capture a wide
range of programming needs. The system, coupled with the model, is fault-tolerant and scalable. It is
probably fair to say that half of the academia are now working on problems heavily influenced by
MapReduce.
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Resilient Distributed Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster Computing (2012): This
is the research paper behind the Spark cluster computing project at Berkeley. Spark exposes a distributed
memory abstraction called RDD, which is an immutable collection of records distributed across a cluster's
memory. RDDs can be transformed using MapReduce style computations. The RDD abstraction can be
orders of magnitude more efficient for workloads that exhibit strong temporal locality, e.g. query processing
and iterative machine learning. Spark is an example of why it is important to separate the MapReduce
programming model from its execution engine.

Shark: SQL and Rich Analytics at Scale (2013): Describes the Shark system, which is the SQL engine built
on top of Spark. More importantly, the paper discusses why previous SQL on Hadoop/MapReduce query
engines were slow.

Spanner (2012): Spanner is "a scalable, multi-version, globally distributed, and synchronously replicated
database". The linchpin that allows all this functionality is the TrueTime API which lets Spanner order events
between nodes without having them communicate. There is some speculation that the TrueTime APl is very
similar to a vector clock but each node has to store less data . Sadly, a paper on TrueTime is promised, but
hasn't yet been released.

Dryad: Distributed Data-Parallel Programs from Sequential Building Blocks (2007): Dryad is a programming
model developed at Microsoft that enables large scale dataflow programming. "The fundamental difference
between the [MapReduce and Dryad] is that a Dryad application may specify an arbitrary communication
DAG rather than requiring a sequence of map/distribute/sort/reduce operations".
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A View of Cloud Computing (2010): This is THE paper on Cloud Computing. This paper discusses the
economics and obstacles of cloud computing (referring to the elasticity of resources, not the consumer-
facing "cloud") from a technical perspective. The obstacles presented in this paper will impact design
decisions for systems running in the cloud.

The Datacenter as a Computer: An Introduction to the Design of Warehouse-Scale Machines : Google's
Luiz André Barroso and Urs Hélzle explains the basics of data center hardware and software for warehouse-
scale computing. There is an accompanying video . The video talks about the importance of cutting long-tail
latency in massively parallel systems. The other key idea is the disaggregation of resources. Technologies
such as GFS/HDFS already disaggregate disks because of high network bandwidth, but yet to see the same
trend applying to DRAMs because that'd require low-latency networking.

CAP Twelve Years Later: How the "Rules" Have Changed (2012): The CAP theorem, proposed by Eric
Brewer, asserts that any networked shared-data system can have only two of three desirable properties:
Consistency, Availability, and Partition-Tolerance. A number of NoSQL stores reference CAP to justify their
decision to sacrifice consistency. This is Eric Brewer's writeup on CAP in retrospective, explaining "2 of 3'
formulation was always misleading because it tended to oversimplify the tensions among properties."
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