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Today’s outline

Distributed Computing 
MPI 
MapReduce 
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TP & AP
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Transaction Processing 

• Often called OLTP (Online 

Transaction Processing)

Analytical Processing 

• Often called OLAP (Online 

Analytical Processing)
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UPDATE accounts 

SET balance = balance - 100 

WHERE id = 123;

More “System” oriented 
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TP & AP

3

Transaction Processing 

• Often called OLTP (Online 

Transaction Processing)

TP runs the business,  
while AP analyzes the business

Analytical Processing 

• Often called OLAP (Online 

Analytical Processing)

UPDATE accounts 

SET balance = balance - 100 

WHERE id = 123;

More “System” oriented 

SELECT region, SUM(sales)

FROM orders

GROUP BY region;

More “Computing” oriented 
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A simple task: word count
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A simple task: word count
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<key, value>

Word Occurrence

< “this”, 3 >

< “chapter”, 2 >

…
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A simple task: word count
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How would you count words 
in 10TB of data across 100 

machines?

<key, value>

Word Occurrence

< “this”, 3 >

< “chapter”, 2 >

…
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Distributedly counting words
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Distributedly counting words
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Task 1

Task 2

Task 3

Task 4

P1 P2 P3

• Data partition

• Parallel execution

• Fault tolerance

• Aggregation

• Scheduling
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Message Passing Interface (MPI)
• MPI is a standard used for writing parallel processes and communicate 

with each other by sending messages

• Open MPI


• Commonly used in High-Performance Computing (HPC)

6

• Can start multiple separate processes

• Each process has its own memory

• They communicate by sending and receiving messages

• Each process has a unique ID
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Distributed Word Count
• Assume we have  processes, a master and  workers

• We must manually handle:

• Data partitioning

• Sending data

• Local computation

• Global aggregation

• Synchronization

n n − 1

7

Process A Memory

Process B Memory

NetworkMPI_Send(...) 
MPI_Recv(...)
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters

• Takes a set of input key/value pairs

• Produces a set of output key/value pairs

8
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters

• Takes a set of input key/value pairs

• Produces a set of output key/value pairs

• Two functions:

• Map 
• Takes an input pair and produces a set of intermediate key/value pairs

• it groups together all intermediate values associated with the same 

intermediate key (say K) and passes them to Reduce()

• Reduce 
• Accepts an intermediate key K and a set of values for that key

• Merges together these values to form a possibly smaller set of values

8
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MapReduce Example
• Back to counting # of words
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MapReduce Example
• Back to counting # of words
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Doc1: "hello world hello"
Doc2: "hello mapreduce"
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MapReduce Example
• Back to counting # of words
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Doc1: "hello world hello"
Doc2: "hello mapreduce"

("hello", "1")

("world", "1")

("hello", "1")

("hello", "1")

("mapreduce", "1")

map:
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MapReduce Example
• Back to counting # of words

9

Doc1: "hello world hello"
Doc2: "hello mapreduce"

"hello"      → ["1", "1", "1"]

"world"      → ["1"]

"mapreduce"  → ["1"]

shuffle:

("hello", "1")

("world", "1")

("hello", "1")

("hello", "1")

("mapreduce", "1")

map:
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MapReduce Example
• Back to counting # of words

9

Doc1: "hello world hello"
Doc2: "hello mapreduce"

"hello"      → ["1", "1", "1"]

"world"      → ["1"]

"mapreduce"  → ["1"]

shuffle:

("hello", "1")

("world", "1")

("hello", "1")

("hello", "1")

("mapreduce", "1")

map:

reduce:
("hello", “3")

("world", "1")

("mapreduce", "1")
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MapReduce Example
• Conceptually:
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Original key and value 
(e.g., k1: document name)
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MapReduce Example
• Conceptually:

10

Original key and value 
(e.g., k1: document name)

Intermediate key and value 
(e.g., k2: word)



© 2025 Gengrui (Edward) Zhang

MapReduce Example
• Conceptually:

10

Original key and value 
(e.g., k1: document name)

Intermediate key and value 
(e.g., k2: word)

A key and all values 
associated with that key
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MapReduce Example
• Conceptually:

10

Original key and value 
(e.g., k1: document name)

Intermediate key and value 
(e.g., k2: word)

A key and all values 
associated with that key

map: transform records

reduce: aggregate by key
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters
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(1) One master; many workers.  
- Master does NOT process data; it only 
schedules

- Workers execute map or reduce tasks
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters
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(2) Master assigns map/reduce tasks. It 
keeps track of:

- Which splits are done

- Which workers are idle

- Where intermediate files are located
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters

13

(3) Workers read input splits. Each map 
worker:

- Reads its assigned input split

- Applies the map() function
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters
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(4) Local write of intermediate data

Mappers write intermediate results 
to local disk until reducers fetch it

Hidden process: Shuffle Phase 
Reducers need all values for a 
key, which requires:

• Sorting

• Partitioning

• Network transfer



© 2025 Gengrui (Edward) Zhang

MapReduce
• MapReduce: Simplified Data Processing on Large Clusters
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(5) Remote read by reduce workers

Reducers contact each mapper and pull 
relevant partition of intermediate data (shuffle)

key -> [values]
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MapReduce
• MapReduce: Simplified Data Processing on Large Clusters

16

(6) Write final output

Each reducer produces one output file.

The files are written to distributed storage
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Why MapReduce is powerful?

• Map tasks are independent

• Reduce tasks are independent

• Failures only require re-running small tasks

• No shared memory required

17

Input → Map → Local Disk → Shuffle → Reduce → Output
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MPI vs. MapReduce
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MPI: low-level message passing for tightly-coupled HPC systems.

MapReduce: high-level data-parallel abstraction for large unreliable clusters.

Aspect MPI MapReduce

Level Low-level High-level

Communication Explicit Implicit

Data partitioning Manual Automatic

Fault tolerance None (default) Built-in

Latency Low High

Target Environment Supercomputers

(Parallel computing)

Commodity clusters

(Distributed computing)
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K-means in MapReduce
• Goal of K-means


• Given points  and  clusters, iterate:

• Assignment: assign each point to nearest centroid

• Update: recompute each centroid as mean of its assigned points 

 
Repeat until centroids stop changing (or max iterations)

xi ∈ Rd K

19

In MapReduce, one MapReduce job = one iteration
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K-means Mapper and Reducer

20

map(k1, v1) → list(k2, v2)

Input records:  
K1: point ID, 
V1: point vector (e.g., )(x, y)

K2: centroid ID,  
V2: point vector (e.g., (x, y)
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K-means Mapper and Reducer

20

map(k1, v1) → list(k2, v2)

Input records:  
K1: point ID, 
V1: point vector (e.g., )(x, y)

K2: centroid ID,  
V2: point vector (e.g., (x, y)

reduce(k2, list(v2)) → list(v3)

New centroidIn other words:
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Step 1: Driver
• Initialize centroids  (random or k-means++)


• For iteration 


• Run MapReduce job with centroids  on mappers


• Reducers output new centroids 


• If convergence: small enough

• Stop

C(0)

t = 0,1,2...
C(t)

C(t+1)

| |C(t+1) − C(t) | |

21
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Step 1: Driver
• Initialize centroids  (random or k-means++)


• For iteration 


• Run MapReduce job with centroids  on mappers


• Reducers output new centroids 


• If convergence: small enough

• Stop

C(0)

t = 0,1,2...
C(t)

C(t+1)

| |C(t+1) − C(t) | |

21

Mappers need to know new centroids: 
Distributed cache/broadcasts etc
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Example K = 2
• Points:

• P1 = (1, 1)

• P2 = (2, 1)

• P3 = (4, 3)

• P4 = (5, 4)


• Initial centroids:

• C0 = (1, 1)

• C1 = (5, 4)

22
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emit(0,(1,1))
emit(0,(2,1))
emit(1,(4,3))
emit(1,(5,4))

Mapper
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Key  0 : [(1,1), (2,1)]
Key  1 : [(4,3), (5,4)]

Shuffleemit(0,(1,1))
emit(0,(2,1))
emit(1,(4,3))
emit(1,(5,4))

Mapper
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• Points:

• P1 = (1, 1)
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Key  0 : [(1,1), (2,1)]
Key  1 : [(4,3), (5,4)]

Shuffleemit(0,(1,1))
emit(0,(2,1))
emit(1,(4,3))
emit(1,(5,4))

Mapper

Reducer

emit(0,(1.5,1)) μk(0) = ( 3
2

,
2
2 ) = (1.5,1.0)

 μk(1) = ( 9
2

,
7
2 ) = (4.5,3.5) emit(1,(4.5,3.5))
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Plot of the example

23
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Plot of the example
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Today’s real-world applications rarely 
use MapReduce for K-means:

•Reading entire dataset

•Full shuffle

•Writing intermediate results

•Launching a new job
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Worksheet


