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Announcements

• Assignment 4 due today

• Assignment 5 released on Monday
• Start early! Up to 3 submission per day

• Next Monday (Apr 13): Tech presentation
• Required attendance
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Agenda 

1. Spark 

2. Parallel DBMS
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Reading Materials

Database Systems: The Complete 
Book (2nd edition)

• Chapter 20: Parallel and Distributed 
Databases

Fundamental of Database Systems 
(7th Edition)

• Chapter 23: Distributed Database 
Concepts
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1. Spark
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Workflow systems

● Extends MapReduce by supporting acyclic networks of functions
○ Simple two-step workflow → any acyclic (DAG) workflow of functions
○ Each function implemented by a collection of tasks
○ A master controller is responsible for dividing work among tasks 

● Examples: Apache Spark and Google TensorFlow
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Blocking property

● Like MapReduce, workflow functions only deliver output after 
completion

● If task fails, no output is delivered to any successors in flow graph
● A master controller can therefore restart failed task at another 

compute node
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Spark: most popular workflow system

● Developed by UC Berkeley and 
Databricks, now maintained by 
Apache

● Advantages over early workflow 
systems
○ More efficient failure handling
○ More efficient grouping of tasks among 

compute nodes and scheduling 
function execution

○ Integration of programing language 
features such as looping and function 
libraries
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Data Model: Resilient distributed dataset (RDD)

Central data abstraction of Spark

A file of objects of one type
○ Statically typed: RDD[T] has objects of type T

Immutable collections of objects, together with its lineage
○ Lineage = how a dataset is computed 

Spark is resilient against loss of any or all chunks of RDD
○ If RDD in main memory is lost, can recompute lost partitions of 

RDD using lineage
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Spark program

Sequence of steps of
○ Transformations: apply some function to an RDD to produce another RDD
○ Actions: Turn RDD into data in surrounding file system and vice versa
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Example: average word length by letter

> avglens = sc.textFile(file)
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Example: average word length by letter

> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) 
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Example: average word length by letter

> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: (word[0], len(word)))
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Example: average word length by letter

> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: (word[0], len(word))) \
   .groupByKey()
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Example: average word length by letter

> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: (word[0], len(word))) \
   .groupByKey() \
   .map(lambda (k, values): \
     (k, sum(values)/len(values)))
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Example: average word length by letter

> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: (word[0], len(word))) \
   .groupByKey() \
   .map(lambda (k, values): \
     (k, sum(values)/len(values)))
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Map

● Transformation that takes function as parameter and applies it to 
every element of RDD

● Returns a new RDD where each input element is transformed into 
exactly one output element (one-to-one mapping).

● Not exactly the same as Map of MapReduce
○ In MapReduce, a Map function is applied to a key-value pair and 

produces a set of key-value pairs
○ In Spark, a Map function can apply to any object type, but produces 

exactly one object
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> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: (word[0], len(word))) \
   ...



Flatmap

● Transformation analogous to MapReduce Map, but no restriction on 

the type

● In comparison to a Spark Map, each object maps to a list of 0 or 

more objects

● All the lists are then “flattened” into a single RDD of objects
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> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: (word[0], len(word))) \
   ...



Filter

● Transformation that takes a predicate that applies to the RDD object 
type and returns elements that satisfy predicate
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> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .filter(lambda word: word not in stoplist)) \
   ...



Reduce

● An action (not transformation) that returns a value instead of 
an RDD

● Takes parameter that is a function of type (V, V) => V
○ When applied to RDD, the function is repeatedly applied on pairs of 

elements to produce a single one
○ Function can be associative and commutative (e.g., addition), but 

this is not required 
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> totlen = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: len(word)) \
   .reduce(lambda a, b: a + b)



Other examples of actions
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# Collect RDD elements to the drive program
collected_data = rdd.collect()

# Count the number of elements in the RDD
count = rdd.count()

# Get the first three elements of the RDD
element = rdd.take(3)

# Save RDD elements to a text file
rdd.saveAsTextFile(”output_folder”)

• Actions are operations that trigger the execution of the Spark 
computation and return results to the driver program or write data 
to external storage systems



Relational database operations

● Some Spark operations behave like relational algebra operations on 
relations that are represented by RDD’s
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Join 

● Takes two RDD’s of type key-value pair where the key types are 
the same

● For each pair (k, x) and (k, y), produce (k, (x, y))
● Output RDD consists of all such objects
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> x = sc.parallelize([("a", 1), ("b", 4)])
> y = sc.parallelize([("a", 2), ("a", 3)])
> x.join(y).collect()
[('a', (1, 2)), ('a', (1, 3))]



GroupByKey

● Takes RDD of key-value pairs, produces a set of key-value pairs
○ The value type for the output is a list of values of the input type

● Sorts input RDD by key
● For each key k produces the pair (k, [v1, v2, …, vn]) for vi’s associated 

with k
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> avglens = sc.textFile(file) \
   .flatMap(lambda line: line.split()) \
   .map(lambda word: (word[0], len(word))) \
   .groupByKey() \
   ...



Spark implementation

Similar to MapReduce
○ RDD is divided into chunks, which are given to different 

compute nodes
○ Transformation on RDD can be performed in parallel on 

each of the chunks

Two key improvements
○ Lazy evaluation of RDD’s
○ Lineage for RDD’s
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Lazy evaluation

Spark does not actually apply transformations to RDD’s until it is 
required to do so (e.g., storing RDD to file system or returning a 
result to application)
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val data = sc.textFile("input.txt")      // No execution yet
    .map(line => line.split(" "))        // Not executed
    .filter(words => words.length > 2)   // Still not executed
    .count()                             // Now it executes everything



Lazy evaluation

Spark does not actually apply transformations to RDD’s until it is 
required to do so (e.g., storing RDD to file system or returning a 
result to application)

Potential Benefits:
• Spark can analyze entire chain of operations and combining multiple 

operations to reduce unnecessary computations

• No immediate computation/memory usage; resources allocated only when 
needed

• Optimizes data shuffling and stages
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Resilience of RDD’s

● Spark records the lineage of every RDD, which can be used to re-
create any RDD
○ If R2 is lost, reconstruct from R1 
○ If R1 is lost, reconstruct from R0

○ If R0 is lost, reconstruct from file system
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Data Sharing in MapReduce vs Spark
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This is why Spark is significantly faster for iterative algorithms

MapReduce: disk

Spark: memory



Spark programming guide and paper

● To  learn more about  writing  Spark  applications,  please  
read  the Spark programming guide:
https://spark.apache.org/docs/latest/rdd-programming-
guide.html

● Recommend reading: the Spark paper
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https://spark.apache.org/docs/latest/rdd-programming-guide.html
https://spark.apache.org/docs/latest/rdd-programming-guide.html
https://spark.apache.org/docs/latest/rdd-programming-guide.html
https://spark.apache.org/docs/latest/rdd-programming-guide.html
https://spark.apache.org/docs/latest/rdd-programming-guide.html
https://www.usenix.org/system/files/conference/nsdi12/nsdi12-final138.pdf


2. Parallel DBMS
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Parallel vs. Distributed DBMS 
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Parallel Databases: 
• Parallelization of various 

operations 

• e.g., loading data, building 
indexes, evaluating queries 

• Data may or may not be 
distributed initially 

• Distribution is governed by 
performance consideration 

Distributed Databases: 
• Data is physically stored across different 

sites 

• Each site is typically managed by an 
independent DBMS 

• Location of data and autonomy of sites 
have an impact on query optimization, 
concurrency control and recovery 

• Distribution also governed by other factors
• Increased availability for system crash

• Local ownership and access 



Benefits of Parallelism

Parallelism: divide a big problem into many smaller ones to be 
solved in parallel 
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At 10 MB/s
1.2 days to scan 

1,000 x parallel 
1.5 minute to scan 

1 TB
Data

1 TB
Data



Key Metrics

Speed-up
• Increase HW, keep workload

• More resources means 
proportionally less time for given 
amount of data 

Scale-up
• Increase HW, increase workload

• If resources increased in 
proportion to increase in data size, 
time is constant. 

34Adapted from Duke CompSci 516 from Sudeepa Roy



Key Metrics

In practice, due to overheads in 
parallel processing:

• Start-up cost: Starting the operation on 
many processor, might need to distribute 
data 

• Interference: Different processors may 
compete for the same resources 

• Skew: The slowest processor (e.g. with a 
huge fraction of data) may become the 
bottleneck 

35Adapted from Duke CompSci 516 from Sudeepa Roy



Models of Parallelism 

Units: a collection of processors
• Think hundreds or thousands of processors 
• assume always have local cache
• may or may not have local memory or disk (next) 

A communication facility to pass information among processors 
• a shared bus or a switch 

Different architecture: 
• Whether memory AND/OR disk are shared
• 3 main groups: shared-memory, shared-disk, shared-nothing
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Shared-Memory Architecture

37

• e.g., NUMA (non uniform 
memory access)

• Easy to program

• Low communication 
overhead due to shared 
memory 

• Difficult to scale up 
(memory contention) and 
expensive to build
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Shared-Disk Architecture
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• Centralized storage 
system (e.g., SAN or 
NAS), but compute is 
distributed 

• Better scalability than 
shared memory, but still 
subject to contention of 
disk/network bandwidth

M

P

D

Interconnection Network

M

P

D

M

P

D

Local 
memory

Shared 
disk



Shared-Nothing Architecture
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• Excellent horizontal 
scalability; relatively 
inexpensive to build

• Minimal resource 
contention but higher 
communication overhead

• Hard to program and 
design parallel algos

* We will assume this 
architecture by default
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Types of Parallelism 
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f(x3)

g(f(x2))

Pipelining

h(g(f(x1)))

f(xh(x))

Partitioning

Any sequential program,

e.g., a relational operator

• Pipelining: each worker 
does one component of 
the calculation, then 
passes the result on to 
another worker

• Partitioning: each 
worker runs the same 
computations on a 
different set of data.

Ack: Berkeley CS186



Types of Parallelism 

• Pipelining: each machine does one component of the calculation, 
then passes the result on to another machine

• Partitioning: each machine runs the same computations on a 
different set of data.
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The same concepts 
are also used in 
distributed model 
training 

Image source: https://selamjie.medium.com/the-frontier-of-pipeline-parallelism-an-overview-d4264cc9f877
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Types of DBMS Query Parallelism

Inter-query parallelism 
• “Inter”: parallelism across queries

• Each query runs on a separate processor 

• Single thread (no parallelism per query)

• Requires concurrency control mechanism

Intra-query parallelism 
• “Intra”: parallelism within a query

• a single query is broken dup and executed in 
parallel 

42
Ack: Slide by Prof. Dan Suciu



Intra-query Parallelism

Intra-operator parallelism 
• Get all workers working to compute a 

given operation (scan, sort, join)

• Achieved via partitioning

Inter-operator parallelism 
• each operator may run concurrently on 

a different site

• Achieved via pipelining

43
Ack: Slide by Prof. Dan Suciu

*Our focus



Common Data Partitioning Schemes
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Range Hash Round-Robin

Good for:

• Point look up

• Range queries 

• Parallel SMJ

Good for:

• Point look up (but not 

for range queries)

• Parallel HJ

Good for:

• Spreading the load 

• When the entire 

relation is accessed

Shared disk and memory less sensitive to partitioning, 
Shared nothing benefits from "good" partitioning 

Ack: Berkeley CS186



In-class Exercise

Assume that we have 5 machines and a 1000 page students(sid, 
name, gpa)table. Assume pages are 1KB.

• How many IOs will it take to execute the above query under round-
robin partitioning?

• Suppose that we hash partition on the name column instead. How 
many IOs will the query take? 

• Assume that an IO takes 1ms and the network cost is negligible. How 
long will the query take if the data is round-robin partitioned and if the 
data is hash partitioned on the name column. 
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SELECT *
FROM   students
WHERE  name = ‘Jane Doe’



Parallel Algorithms - Sorting

A simple idea:

• Have each CPU sort the part of the relation that is on its local disk 

• Merge the sorted results 

A better idea:

• Redistribute relation using range partitioning 

• Perform local sort on each machine

46

1 pass

Performance bottleneck



Parallel Algorithms – Sort Merge Join

Two Steps:

• Range partition each 
table using the same 
ranges on the join column

• Perform local sort merge 
join on each machine

47
Ack: Figures from Berkeley CS186



Parallel Algorithms – Hash Join

Two steps

• Hash partition each 
table using the same 
hash function on the join 
column

• Perform local grace 
hash join on each 
machine

48
Ack: Figures from Berkeley CS186



Parallel Algorithms – Broadcast Join

49
Ack: Figures from Berkeley CS186

• Sometimes, one join table is tiny 
and another table is huge.

• Too expensive to hash/range 
partition the large table 

• “Broadcast” the small table to 
every machine; each machine will 
then perform a local join

More compute, less network 



Map Reduce vs Parallel DBMS

MapReduce Parallel DBMS

Programming Imperative Declarative

Indexing No native support B+ tree, hashing

Schema Not required Required

Flexibility Highly flexible Some flexibility via user defined 

functions

Fault Tolerance Save intermediate results 

to disk – can restart fine-

grained tasks during 

failure

Avoid saving intermediate results to 

disk – might need to restart a 

larger chunk of work (transaction) 

during failure
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MR vs Parallel DBMS
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Many commonalities:
• Designed for large-scale data 

processing

• Use data partitioning

Reading: A Comparison of 

Approaches to Large-Scale Data 

Analysis

https://www.cs.princeton.edu/courses/archive/fall09/cos518/papers/mapreduce-vs-sql.pdf
https://www.cs.princeton.edu/courses/archive/fall09/cos518/papers/mapreduce-vs-sql.pdf
https://www.cs.princeton.edu/courses/archive/fall09/cos518/papers/mapreduce-vs-sql.pdf
https://www.cs.princeton.edu/courses/archive/fall09/cos518/papers/mapreduce-vs-sql.pdf
https://www.cs.princeton.edu/courses/archive/fall09/cos518/papers/mapreduce-vs-sql.pdf
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