CME 323: Distributed Algorithms and Optimization
Instructor: Reza Zadeh (rezab@stanford.edu)
HW#4 - Due in class on Tuesday, 5th June

1. Write a Spark program to find the least squares fit on the following 10 data points.
The variable y is the response variable, and X1, X2 are the independent variables.

[1,]
[2,]
[3,]
[4,]
[5,]
[6,]
[7,]
[8,]
[9,]
[10,]

X1
-0.5529181
-0.5428579
-1.3038629
0.6564096
-1.2061171
0.2938439
-0.2578953
0.9659582
-0.4038109
0.6029003

X2
-0.5465480
-1.5623879
0.5715549
1.1806877
1.3430651
-1.7966043
0.2596407
2.3697927
0.9846071
-0.3202214

y
0.009519836
0.982464609
0.499441144
0.495705999
0.153477135
0.914381381
0.815623895
0.320880634
0.488856619
0.380347546

P
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More precisely, find w1 , w2 , such that 10
i=1 (w1 X1i +w2 X2i −yi ) is minimized. Report
w1 , w2 , and the Root Mean Square Error and submit code in Spark. You will need to
write a gradient descent subroutine which was demonstrated in class on Lecture 16.
Lastly, consider how you would change your algorithm if Spark supported AllReduce;
write pseudocode and analyze the resulting algorithm in terms of all-to-all, one-to-all,
and all-to-one communication patterns.
2. Write a Spark program to compute the Singular Value Decomposition of the following
10 × 3 matrix:
-0.5529181
-0.5428579
-1.3038629
0.6564096
-1.2061171
0.2938439
-0.2578953
0.9659582
-0.4038109
0.6029003

-0.5465480
-1.5623879
0.5715549
1.1806877
1.3430651
-1.7966043
0.2596407
2.3697927
0.9846071
-0.3202214

0.009519836
0.982464609
0.499441144
0.495705999
0.153477135
0.914381381
0.815623895
0.320880634
0.488856619
0.380347546

Assume the matrix is tall and skinny, so the rows should be split up and inserted into
an RDD. Each row can fit in memory on a single machine. Report all singular vectors
and values and submit your Spark program.
3. Given a matrix M in row format as an RDD[Array[Double]] and a local vector x
given as an Array[Double], give Spark code to compute the matrix vector multiply
M x.

4. In class we saw how to compute highly similar pairs of m-dimensional vectors x, y via
Ty
.
sampling in the mappers, where the similarity was defined by cosine similarity: |x|x2 |y|
2
Show how to modify the sampling scheme to work with overlap similarity, defined as
overlap(x, y) =

xT y
min(|x|22 , |y|22 )

(a) Prove shuffle size is still independent of m, the dimension of x and y.
(b) Assuming combiners are used with B mapper machines, analyze the shuffle size.
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