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ABSTRACT

PARALLEL STOCHASTIC GRADIENT DESCENT ON
MULTICORE ARCHITECTURES

Selguk Giilcan
M.S. in Computer Engineering
Advisor: M. Mustafa Ozdal
September 2020

The focus of the thesis is efficient parallelization of the Stochastic Gradient
Descent (SGD) algorithm for matrix completion problems on multicore architec-
tures. Asynchronous methods and block-based methods utilizing 2D grid parti-
tioning for task-to-thread assignment are commonly used approaches for shared-
memory parallelization. However, asynchronous methods can have performance
issues due to their memory access patterns, whereas grid-based methods can suf-
fer from load imbalance especially when data sets are skewed and sparse. In
this thesis, we first analyze parallel performance bottlenecks of the existing SGD
algorithms in detail. Then, we propose new algorithms to alleviate these per-
formance bottlenecks. Specifically, we propose bin-packing-based algorithms to
balance thread loads under 2D partitioning. We also propose a grid-based asyn-
chronous parallel SGD algorithm that improves cache utilization by changing the
entry update order without affecting the factor update order and rearranging the
memory layouts of the latent factor matrices. Our experiments show that the
proposed methods perform significantly better than the existing approaches on

shared-memory multi-core systems.

Keywords: Stochastic gradient descent, Parallel shared memory system, Matrix
completion, Performance analysis, Load balancing.
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OZET

COK CEKIRDEKLI SISTEMLERDE PARALEL
OLASILIKSAL GRADYAN ALCALMA

Selcuk Giilcan
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Damsmant: M. Mustafa Ozdal
Eylil 2020

Tezin odak noktasi Olasiliksal Gradyan Algalma (SGD) algoritmasmin g¢ok
gekirdekli sistemlerde parallellestirilmesidir. Asenkron yontemler ve 2 boyutlu
1zgara boliimlemeden yararlanan blok tabanli yontemler, algoritmanin paylagimh
bellekli sistemlerde paralellestirilmesi icin kullanilan yaygin yaklagimlardir.
Asenkron yontemler bellek tizerindeki diizensiz erigimleri sebebiyle o6n-bellek
sorunlariyla kargilagmaktadir. Izgara tabanli yontemlerde ise iglek arasinda yiik
dengesizligi problemi goriilebilmektedir. Tezimizde mevcut paralel SGD algorit-
malarinin performans seviyeleri ve paralel darbogaz noktalar1 incelenmigtir ve
bu darbogaz noktalarini hedef alan yeni algoritmalar onerilmistir. 2 boyutlu
boliimlemede islekler arasinda yiik dengesizligi problemini ¢ozmek icin kutu-
lama tabanli algoritmalar oOnerilmistir. Bellegi etkili bir sekilde kullanmak
icin de 1zgara tabanli asenkron paralel SGD algoritmasi onerilmigtir. Bu al-
goritma bellegi daha etkili kullanmak icin sifirdis1 giincelleme sirasini, faktor
glincelleme sirasin1 bozmadan degistirmekte ve buna uygun olarak sakli faktor
matrislerini bellek tlizerinde degistirmektedir. Elde ettigimiz deney sonuclari,
onerdigimiz yontemlerin alternatif yontemlere gore onemli Ol¢lide daha iyi
caligtigim1 gostermektedir.

Anahtar sézcikler: Olasiliksal gradyan algalma, Paralel paylagimli bellekli sis-
temler, Matris tamamlama, Performans analizi, Yiik dengeleme.
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Chapter 1

Introduction

Many real-life problems in various fields such as text processing [1], recommen-
dation systems [2], bioinformatics [3] can be formulated as a sparse matrix com-
pletion problem to explain the relationship between two entities. Movie recom-
mendation can be given as an example of a matrix completion problem, which
aims to fill missing entries of a sparse matrix by using currently known values.
Movie ratings, given by users constitute a sparse matrix V' = (v;;) in which rows
represent users and columns represent movies. A nonzero v;; is the rating score
of user 7 to movie j within some predefined range. The task is to predict missing
scores of the rating matrix thus have an idea on how likely a user will enjoy a

particular movie and then recommend highly scored movies to the user.

Netflix competition [4-6] shows that low-rank matrix completion techniques,
finding two low-rank P and () matrices such that their product is an approxima-
tion of nonzeros in the rating matrix, are quite useful for this type of problems.
Exact completion methods [7,8] are not effective due to the sparsity and size of
real datasets. So, many optimization algorithms have been proposed to tackle
this problem, including alternating least squares (ALS), cyclic coordinate descent
(CCD) and stochastic gradient descent (SGD). Being able to handle huge data
and good convergence rates make gradient descent methods such as SGD supe-

rior. SGD algorithm solves the problem by making noisy but quick updates to



the P-matrix rows and ()-matrix rows.

The sequential nature of the algorithm and ever-increasing data lead re-
searchers to search for better parallel methods for SGD. Two main concerns of
the parallelization of the SGD algorithm are task mapping and scheduling (i.e.,
mapping of tasks to different computing units) as well as load-balancing. Pre-
vious studies [9-14] explore new methods to tackle those challenges. Many of
them focus their research on the distributed-memory system however many real
datasets [4,15-17] can fit into the main memory and can be computed faster in
shared-memory multicore systems because of low latency memory operations and
fast access to recently modified data using caches. On the other hand, shared
memory studies offer various methods for improvements in accuracy and conver-
gence but they often lack quantitative analysis on underlying reasons for such
improvements. To form a better understanding of current methods, we analyzed
and compared them under the same environment on real datasets with code pro-
filing tools and in light of gathered results, we propose load balancing methods

for task mapping and a locality aware task scheduling.

The prior research has shown that SGD can be applied to parallel systems
with 2D grid-based and non-locking approaches. The present work advances
those studies by offering novel algorithms to alleviate two main performance-
limiting problems of those methods: load balancing problem among threads and
cache underutilization. Proposed bin packing based algorithms balance the works
of the threads better than commonly used permutation method in the 2D grid
partitioning-based parallel SGD approach and consequently they provide more
performance. Locality aware task scheduling algorithm, which will be reffered as
LASGD, is proposed to utilize memory better by carefully changing the rating
matrix memory layout and nonzero update sequence without breaking the main
properties of the algorithm. The mentioned methods do not contradict each
other so load balancing algorithms and LASGD can be used together to address
both load balancing and cache utilization problems. Ideas behind the proposed
algorithms are often supplemented with code profile results to show how they

solve bottleneck problems.



The organization of the paper is as follows: Chapter 2 gives background in-
formation on SGD and how it is used to complete sparse matrices while intro-
ducing related notations. A literature survey is included in Chapter 3 in which
an embarrassingly parallel method called Simple-Parallel SGD, a lock-free SGD
implementation called Hogwild [11], and 2D grid partitioning methods [10,12,13]
are discussed. Proposed load balancing methods are explained in Chapter 4.
Another proposed method, LASGD, is described in Chapter 5. We explain our
common experiment setup that is used to compare different methods, datasets,
and tools to measure the bottleneck and performance of the methods in Chapter

6. And lastly, experiment results and related discussions are given in Chapter 7.



Chapter 2

Matrix Completion with

Stochastic Gradient Descent

Given an m x n matrix V' = (v;;), matrix completion is defined as the task of
reconstructing the matrix V = (0;;), where m denotes the number of users, n
denotes the number of items, v;; is a true rating value of corresponding user-item
pair, 0;; is the estimate rating value in reconstructed matrix V. v;; also refers to
a nonzero entry of the rating matrix. True ratings are either given by the users
explicitly or inferred by the system from the actions or behaviours of the users.
The loss function for the problem is usually defined as the sum of squared errors

which yield to the following minimization :

minimizes,, E (vij — Dij)2
”UijGV

Since the aim is to estimate unseen ratings as correctly as possible; a portion
of data, known as the test set, is set aside and used only to evaluate the quality
of the solution. A common evaluation metric is the root squared mean error

(RMSE) calculated on the test set as follows:
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Low-rank matrix completion methods solve this problem by finding two low-
rank matrices, P and @), such that their matrix multiplication gives reconstructed
matrix, V. A row of P, s and a row of @),xs represent a user and an item
respectively as a latent factor vector of size f. The latent factor size, f, is much
smaller than n and m and tuned to get better root mean squared errors. With this
setup, any rating in the matrix can be estimated by calculating the dot product
of its corresponding user vector, p;, and item vector, ¢/ . Figure 2.1 shows this

relationship between rating, user and item matrices.
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Figure 2.1: Rating matrix V' and latent factor matrices P and @)

Gradient descent methods are popular iterative optimization techniques for
finding a local minimum of multivariate differentiable functions. At each step,
variables are updated proportionally to its gradient. The learning rate hyperpa-

rameter, v, controls how much the variables are changed at each step. It can be
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Table 2.1: The Notation Table

Symbol Description
% Rating matrix (Also denotes the set of nonzero ratings)
m,n Number of rows and columns of V' matrix
oy Nonzero entry at row ¢ and column j
0y Estimate for v;;
T, Cj it" row and 7% column of V matrix.
Also denotes the set of nonzeros in r; and ¢;
P,Q Latent mactor matrices
Diy 4 it" and 7' row of P-matrix and Q-matrix
f Factor size
T Number of threads
¥ Learning rate
A Regularization parameter
[I={V1...Vy} T-way nonzero partitioning of V' matrix
Vi Set of nonzeros assigned to thread ¢
(IT) Set of local nonzero update sequence
(V) Given nonzero update sequence for serial algorithm
(V*) A nonzero update sequence for serial algorithm
(Vi) Nonzero update sequence for thread ¢
R,,Cj a'™ row slice, " column slice
Va8 2D block at the intersection of R, and Cj
Cja Set of nonzeros in column-j that reside in R,
By, Bj Bin for row-slice «, bin for column-slice
B, g Bin for 2D-block V, 3

Number of nonzeros in the respected set




a constant value determined before the execution or dynamic to the current iter-
ation number or previous gradient value. The variables are continuously updated
until a stopping criterion is satisfied. Some implementations stop updating after
a defined number of iterations. Others continue doing updates until the change
in the gradients becomes smaller than a defined value or a desired test error level

is reached.

Loss function for low rank matrix completion problem is can be written as

error = Z (vi — piqu)2 + (1P + Q1)

1,j€V

Here, A is the regularization parameter for L2 normalization added to avoid
overfitting problems. The main difference between SGD and other gradient meth-
ods is that SGD updates latent factor matrices without computing the whole
gradient. At each iteration, a random nonzero is selected and P-matrix and Q-
matrix rows are updated for this nonzero only as shown in Algorithm 1. Since
other nonzero elements are not taken into account, updates of SGD may not be
directed to the point of convergence but studies show that the performance gain
of quick updates surpasses the error caused by noisy gradient and SGD converges
faster than full gradient approaches for matrix completion. This is especially
true for web-scale matrices where the number of training examples is huge but
training time is limited so that SGD can give better results due to the fact that

it can make many more updates in the given time.

Algorithm 1: SGD Algorithm
Input: V,,«,, f, 7, A, iterCount
Initialize P« and Qyx; ;
repeat iterCount times

forall v;; € V in (V) order do

€ij < Vyj —pz‘C]jT ;

pi < pi + (€505 — Api);

q; < a5+ Y(eypi — Agy);
end

end

One fundamental property of the algorithm is the random selection of nonzeros

7



in the updating step. It is a theoretical constraint [18] in order for the model
to converge. Non shuffled training points or sequences sorted in a particular
way may cause similar gradient updates between subsequent iterations and this
situation may result in slower convergence or convergence to an underwhelming
local minimum [18]. The study [10] shows that the following two properties should

be ensured to get decent practical results:

e The selected nonzeros in iterations should cover a significant portion of the

whole training set.

e The sequence of nonzero updates should be randomized.



Chapter 3

Literature Survey and

Discussions

In this section, parallel SGD schemes proposed in the literature are analyzed.
Each section follows a similar format; First, a brief introduction for the method
is given. Second, the problems the method tries to solve are explained. Third,

the main drawbacks of the method or problematic cases are shown.

3.1 Simple-Parallel SGD

The main problem when threads do concurrent updates on the same data without
any synchronization is data conflicts. These data conflicts are read-after-write
and write-after-write hazards. A read-after-write data hazard occurs when a
thread reads old data before another thread updates it with the new result(s). A
write-after-write hazard occurs when a thread overwrites data written by another
thread.

In parallel SGD, read-after-write hazard causes some of the modifications to

P-matrix and @Q-matrix rows to be disregarded in the gradient calculation step.



Suppose that thread a reads P-matrix row p; just before thread b updates that row
to pf. Now, thread a performs these calculations based on p; so the contribution
of pf to the calculations will be lost. It degrades the convergence rate of the SGD

algorithm since some updates are not taken into the account.

The other hazard, write-after-write, occurs after P-matrix and ()-matrix rows
are updated and then some threads overwrite those rows based on their values be-
fore the update. It means that updates incurred by some ratings do not contribute
to the final P-matrix and ()-matrix values. Both data problems cause threads to
do extra computations to reach the convergence. To avoid this, Simple-Parallel
SGD locks the rows of the P and () matrices before doing read or write operation
and unlock them after it completes updating them as shown in Algorithm 2. Be-
cause each V-matrix nonzero is processed in a critical section, no data problem

can occur so Simple-SGD solves both data hazard problems.

The serializability of a parallel SGD algorithm is an important feature since it
refers to the fact that there exists a sequential SGD execution for which parallel
SGD algorithms show convergence to the same solution with the same convergence
rate. We discuss the serializability of the Simple-Parallel SGD algorithm in the

following two paragraphs.

For a given parallel SGD instance, let IT = {V},V,...Vr} denote the parti-
tioning of the nonzeros of the rating matrix among 7' threads. Here V; denotes
the subset of nonzeros assigned to thread ¢ for processing. Note that the parts of
IT (V; € II) are mutually nonzero disjoint and their union gives the whole set of

nonzeros of V.

For a given nonzero partition II, let (IT) = {(V3), (V2)...(Vy)} denote the set
of local nonzero update sequences of threads. That is, (V;) denotes the local
update sequence of the nonzeros in V;. Simple-Parallel SGD ensures the serializ-
ability of the algorithm. That is, it ensures the existence of a sequential nonzero
update sequence (V*) so that serial SGD utilizing (V*) and Simple-Parallel SGD
utilizing (IT) produce the same P and () matrices. Note that although the overall

update sequence (V*) depends on the local update sequence set (II), it cannot be

10



determined apriori to the execution of the parallel algorithm. That is different

parallel runs for a given (II) may lead to different (V*)’s.

Algorithm 2: Simple-Parallel SGD Algorithm

Input: (II), TT, f, v, A, iterCount

Initialize P, and Qpxy ;

for each thread t in parallel do

for t <+ 0 to iterCount do

forall v;; of V; in (V;) order do
Lock P- and )-matrix rows, p; and g;;
Update P- and @-matrix rows, p; and g;;
Unlock P- and (-matrix rows, p; and g;;

end
end

end

Although this naive parallelization leads to an inefficient algorithm, we believe
it provides some insights when the performances of other methods in the following

sections are analyzed against the performance Simple-Parallel SGD.

Figure 3.1 displays the variation of the throughput performance of the Simple-
Parallel SGD algorithm with an increasing number of threads on 10 SGD test
instances given in Table 6.1. The throughput values are computed as the number
of nonzero updates per second. As seen in Figure 3.1, Simple-Parallel SGD does
not perform better than the sequential algorithm until 8 cores. Simple-Parallel
SGD runs are slightly faster than the sequential algorithm on 8 cores and we see
the benefit of parallelism after 8 cores. However, the speedup is far from the ideal
speedup and we investigate the bottlenecks and potential improvements by using

the vTune profiling tool as discussed in the following two paragraphs.

Table 3.1 reports the average total spin time and overhead time as percentage
values. The spin time is defined as the time spent on waiting for another thread
to release the synchronization object and the overhead time is the time spent
on acquiring an available lock object or releasing the lock object. Figure 3.2
shows the lock wait probability of a single nonzero on a single iteration. It is
calculated as follows: the wait count value is incremented by one whenever a

thread tries to access a P-matrix or ()-matrix row when it is locked by another

11



Simple-Parallel SGD Speedup Curve

@® amazon items
W amazon_books
100 V¥ amazon_clothings
4 amazon_electronics
& amazon movies
@ lastfm ,:'4' .
movielens_20m 1'4
80 X movielens_latest [

netflix
yahoo music

60

Throughput (x109)

40
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Number of Threads

Figure 3.1: Simple-Parallel SGD throughput of processed nonzero as a function
of the number of threads

thread. At the end of execution, the wait count value is divided by the total
number of nonzero updates to obtain normalized results. The total number of
nonzero updates corresponds to the number of epochs multiplied by the number

of nonzeros.

As seen in Figure 3.2 and Table 3.1, lock waits are rare and vary between 0
and 0.04% depending on the density of the dataset. When we consider this result
and the poor speedup performance in Figure 3.1 together, we can conclude that
around 75-90% of CPU time is wasted to prevent data hazards that occur less
than 0.04 of the time so we can gain significant performance if we can somehow
avoid row synchronization on P and () matrices. The next section covers a lock-
free parallel SGD implementation called Hogwild [11] which shows that we can

safely drop synchronization in favor of performance.

12



Table 3.1: Percentage of CPU time spent on spin and overhead

Dataset Number of Threads

2 4 8 16 28 56
amazon_items 87.3 873 874 872 87.1 81.7
amazon_books 916 914 91.6 91.9 91.2 91.3

amazon_clothings  92.3 92.8 92.1 91.9 91.8 92.7
amazon_electronics 90.1 88.8 90.1 90.4 &89.7 91.1
amazon_movies 87.0 86.0 &87.6 89.3 8&88.8 88.0

lastfm 82.9 85.8 869 86.9 87.2 83.4
movielens_20m 80.9 84.2 859 86.2 85.8 83.7
movielens_latest 81.4 82.5 834 89.2 855 85.7
netflix 76.4 81.8 83.7 84.5 84.6 80.0
yahoo_music 83.8 85.7 86.2 86.1 85.5 81.9

3.2 Hogwild: Asynchronous SGD

Hogwild [11] states that possible data hazards that occur in parallel SGD are
rare and SGD can be implemented without any locking mechanism. Hogwild
theoretically proves that even though data hazards make SGD to converge slower,
the convergence is still guaranteed given the assumption that the data matrix is
sufficiently sparse. As Algorithm 3 shows, the only difference between the Hogwild
algorithm and the Simple-Parallel SGD algorithm is the absence of locks on P-

matrix and ()-matrix rows.

The main problem with this approach is the underutilization of cache due to
cache coherence between private caches. When a nonzero is processed in the
sequential algorithm, its corresponding P-matrix and ()-matrix rows are fetched
from the memory and cached. The thread can read and write them on the cache
quickly without accessing long latency DRAM until those rows are evicted since
there no other threads trying to access those rows. However, this is not always
possible in multicore systems because of the possibility of multiple cores trying

to access/update the same P-matrix and/or ()-matrix rows concurrently.

13



The Ratio of Synchronization Wait Counts to the Number of Nonzero Entries and Iteration Count
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Figure 3.2: The wait probability of a nonzero in a single iteration

In multi-cores systems, cores have private caches so there are cache coherence
protocols to preserve data consistency across all cores. When a cache line is mod-
ified, lines having the same address in the cache(s) of other cores are invalidated
through a snooping mechanism so other cores need to fetch them from the DRAM
or the core having the modified value. Since each thread has the same probability
to access a particular row or column in the Hogwild algorithm, the chance that
a cache line invalidated increases as more threads are used. Although this data
migration doesn’t affect the algorithm in terms of correctness, it degrades the

performance since accessing P-matrix and ()-matrix rows take longer times.

14



Algorithm 3: Hogwild Algorithm
Input: (II), TI, f, v, A, iterCount
Initialize P, and Qpnxy ;
for each thread t in parallel do
for ¢ + 0 to iterCount do
forall v;; of V; in (V;) order do
‘ Update P- and Q-matrix rows, p; and g;;
end

end
end

3.3 2D Grid Partitioning

Another approach to decrease or eliminate data migrations other than locking
P-matrix and ()-matrix rows is to enforce computing units to process on regions
of the matrix that do not conflict with each other. 2D grid partitioning [10] is
one of the popular approaches to divide the rating matrix into 2D blocks that do
not interfere with each other. A 2D block is an intersection of a row slice and a
column slice on the rating matrix. Although this scheme is originally proposed
for distributed-memory SGD (DSGD) in [10], we utilize it for shared-memory
parallelization. A set of blocks is called stratum if their row or column slices do
not intersect. Since nonzeros in a singe stratum do not share any P-matrix or

(Q-matrix rows, the threads can operate on them without any data conflict.

The rating matrix should be divided into at least T'xT" blocks to ensure that
all threads can work on independent blocks for a system with 7" threads. Besides
the obvious T'xT' 2D grid partitioning originally proposed for distributed-memory
systems [10], there are (T+1) x (T+1) [12], Tx2T [19], and T'xkT [13] partitioning
schemes in the literature. The motivation of latter partitioning methods is mainly
to provide better block scheduling to reduce threads’ idle time in shared-memory

systems.

In this work, we consider 7' xT" partitioning where each row slice is assigned
to a distinct thread. Figure 3.3 displays a sample 4 x 4 2D grid partition with
two different block scheduling for a system with 4 threads/cores. In the figure,
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letters show the thread assignments so that the first, second, third, and fourth-
row slices are assigned to be processed by thread A, B, C, and D respectively. The
numbers show different strata so that {A, B, Ck, Di} denote the set of blocks
constituting stratum k for k = 1,2,3,4. At each epoch, the block constituting

the k stratum are processed concurrently in the k' time period/subepoch.

Al(A2|A3|A4 A2(A4|A1(A3
B4|B1|B2|B3 Bl1|B3|B2|B4
c3|(C4|C1(|(C2 c3|(C2|C4(C1
D2|D3|D4|D1 D4|D1|D3|D2

Figure 3.3: Two different block scheduling for 4 x 4 partitioning

The motivation behind row-vise partitioning of nonzeros among threads is to
exploit cache locality if P-matrix rows corresponding to nonzeros in the same row
slice can fit the private cache of the core. It means that a thread will update the
same P-matrix rows after it completes updating each block. However, it is not
a constraint to mitigate the data migration problem. As long as cores work on
independent blocks, any partitioning and block scheduling can be used [10]. An
example to such block scheduling where threads work on different row slices is

given in Figure 3.4.

A1|B3|C2|B4

B2(C4|(B1|A3

C3|D1|A4(D2

D4|A2|D3|C1

Figure 3.4: A block scheduling example for 4 x 4 partitioning. Threads can work
on different row slices.

The random row and column permutation is assumed to attain balance on the

nonzero counts of the 2D blocks.
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A thread needs to wait for other threads after processing a block to avoid
updates on the same P-matrix and ()-matrix rows before continuing on the next
stratum. This type of scheduling will be called synchronous block scheduling.
On the other hand, Hogwild shows that synchronization points can be removed
without any convergence concerns. This kind of scheduling in which threads
continue operating on their blocks of the next stratum will be called asynchronous
block scheduling. Our experiments show that there is no significant difference
between these approaches in terms of throughput, convergence rate, and accuracy
if nonzero distribution among 2D blocks is sufficiently balanced. Some studies
[12,20] make this block assignment decision in the run time. In this dynamic
block scheduling, when a thread finishes updating all nonzeros in a block, a new
block is assigned to the thread by finding an independent block from the set of
blocks that are not being processed by other threads.

The main approach currently used is to adopt random 2D grid partitioning. In
this method, the rows and columns of the rating matrix are randomly permuted.
Then a uniform 2D grid partition is imposed on the permuted matrix so that the
number of rows and columns assigned to each row and columns differ by at most
1.
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Chapter 4

Load Balancing in 2D Grid

Partitioning

One of the key factors in the performance of the method utilizing 2D grid par-
titioning is the imbalance in the number of nonzeros among different blocks.
Different problems may arise depending on the block scheduling mechanism if

nonzeros are distributed unevenly among blocks.

e Synchronous block scheduling. Since threads need to wait for the slow-
est thread to complete its update, thread utilization greatly suffers if blocks

contain unevenly partitioned nonzeros.

e Asynchronous block scheduling solves thread underutilization by keep-
ing threads busy most of the time. The problem is that threads work on
blocks that share P-matrix or ()-matrix rows. As Hogwild shows, this
situation doesn’t cause a convergence problem but working on the same
P-matrix or )-matrix rows creates data migrations that slow the execution

due to cache coherence delays.

e Standalone scheduler assigns safe blocks to threads when they complete
their work. Threads work on blocks that do not share any P-matrix or

(Q-matrix row at any time so it solves previous problems at the cost of
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one extra thread that does the scheduling job. The main issue with this
approach is that blocks with fewer ratings are updated more often than
denser blocks because they will be updated quickly and become available
to assign. This situation hurts the convergence performance because some

portion of data is rarely used in iterative learning.

The random partitioning is a simple and fast technique and it creates fairly
balanced blocks if nonzeros are distributed evenly on rows and columns. However,
it scales poorly with an increasing number of threads. Also, nonzero distribution
among rows and columns in real datasets usually follow the power law. It requires
more advanced techniques to get balanced blocks on scale-free datasets when the

number of threads is large.

In this section, we propose three load balancing algorithms based on bin-
packing (BP) with a fixed number of bins [21]. These BP-based algorithms share

the following common features:

e They apply a two-phase approach, where rows are assigned to row slices in

one phase, and columns are assigned to column slices in the other phase.

e Rows and columns are assigned to bins in decreasing order of their degrees.

Here the degree of a row/column refers to the number of nonzeros in the
row/column. The motivation behind this row/column-to-bin assignment order
is as follows: A relatively large number of sparse rows/columns has the potential
of correcting the imbalance incurred by the assignment of dense rows/columns at

the initial steps.

These algorithms differ in best-fit assignment heuristic utilized for row/column

assignments in different phases.
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4.1 Independent Bin-packing Algorithm (BP, )

In this scheme, rows and columns are respectively assigned to row and column
slices independently in two phases. For this purpose, in each phase, we maintain
T bins which correspond to either row or column slices. That is, in the row assign-
ment phase, bin B}, represents row slice R,, whereas in the column assignment
phase bin Bj represents column slice Cp. In each phase, weights of the bins are
initialized to zero. Then in the row/column assignment phase, the best-fit heuris-
tic utilized is assigning a row/column to the bin with the least weight. After each
row/column-to-bin assignment, the weight of the respective bin is incremented

by the degree of the assigned row/column.

The assignment of an V-matrix nonzero v;; to a 2D-block is induced by the
assignment of row ¢ and column j to the bins in row and column assignment
phases. That is, the assignment of row-i to bin Bj and column-j to bin Bj
induces the assignment of nonzero v;; to 2D-block V,, 3. In other words, block
Va,p contains the V-matrix nonzeros at the intersection of rows and columns

assigned to bins By, and Bj respectively.

The details of the algorithm are given in Algorithm 5. The running time
of the algorithm is O(mlogm + nlogn + (m + n)logT + |V'|). | - | denotes the
number of nonzeros in the respected set. The first two terms come from sorting
of the rows and columns according to their degrees. The third term comes from
the selection of the best bin for each row and column assuming a binary-heap
priority-queue implementation is used. The last term comes from computing the

block assignment for each nonzero.

This method does not restrict blocks to have the same number of rows. As can
be seen in Figure 4.1, block A1 has more rows and columns compared to block
D1. Our algorithm allows such patterns as long as nonzero load balance among
blocks is ensured. As a matter of fact, such patterns often arise in real sparse

datasets.
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Algorithm 4: Decreasing order row/column assignment procedure (BP)

Input: V,,«,, T
for o« <1 to T do
| BL <« O
end
Sort rows in decreasing order
for 1 < 1 to m do
Find min s.t. |B),,| < |B.L,a=1,2,...m

B:mn — B;:mn Ur;
map(r;) < min
end

Algorithm 5: BP,.,. Algorithm

Input: V,,«,, T
Assign rows with BP procedure
Assign columns with BP procedure
forall v;; € V do

a < map(r;)

B < map(c;)

Vaﬁ — Va,/p’ U Vij
end

21



Al A2 | A3 |A4

B4 Bl1|B2 |[B3

c3 C4 (C1 |C2
D2 D3 | D4 |[D1

Figure 4.1: Example 4 x 4 partitioning achieved from proposed BP,., . algorithm

4.2 Row/Column Assignment Respecting Bin
Packing (BP,_,. and BP, ;)

BP,... does not utilize the row-to-slice assignment information obtained in one
phase for the column-to-slice assignments in the other phase or vice versa. In this
work, we propose two BP-based algorithms that utilize the assignment informa-
tion obtained in the first phase for the assignment in the second phase. Here and
hereafter, these two algorithms will be referred to as BP,_,. and BP.,,.. BP,_,.
refers to performing row assignment in the first phase and column assignment
in the second phase. BP,_,, refers to performing column assignment in the first
phase and row assignment in the second phase. Here we describe only BP,_,.

where a similar discussion holds for BP,_,, in a dual manner.

The first phase of the BP,_.. algorithm is exactly the same as the row assign-
ment phase of BP, .. That is, the output of the first phase is the row-to-slice
assignment information shown by the function map() function where map(r;)

denotes the row-slice containing row-.

In the second phase, BP,_,. maintains a T'xT" 2D bin array, where B, 3 denotes
the bin corresponding to the 2D-block V,, 3. Maintaining this 2D bin array, ne-
cessities the utilization of row assignment information obtained in the first phase
for computing the distribution of nonzeros in a particular column among the row
slices obtained in the first phase. That is, we compute |¢;,| which denotes the

number of nonzeros in ¢; that reside in R, as follows:
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Icial = {vij € ¢j - map(r;) = Ry}

At the beginning of the second phase, the weights of the TXT bins are initialized

to zero.

We propose a novel best-fit heuristic for the column assignment phase by defin-

ing an overall cost of a given 2D nonzero-to-bin partition II:

Cost(Il) = Z Z | Bas|?

a=1 =1

Here |B, 3| denotes the current load of bin B, 3 in terms of number of nonzeros.
The sum-of-squares component of this cost function enables the minimization of
the cost function to encode the minimization of the load of the maximum loaded

bin of the 2D bin array.

According to the cost function defined in equation 4.1, the cost of assigning a

column j to column slice Cz can computed as follows:

cost(cj,Cp) = Cost(ll,en) — Cost(Ileyr)

T T
= > ((IBagl +leia)?) =D [Bagl
a=1 a=1
T
= > (Iejal® +2[Basl - Icjal) (4.1)
a=1

Here Il.,. denotes the nonzero-to-bin distribution obtained by the previous
column-to-slice assignments, whereas II,.,, denotes the nonzero-to-bin distribu-
tion to be obtained by assigning ¢; to Cz in Il,,. this assignment cost function
shows the increase in the overall cost of the current nonzero-to-bin partition Il.,,

to be incurred if we assign ¢; to Cjs.

The algorithm starts with initially empty 7' xT" bins. Then, the columns are

considered for assignment to column slices in decreasing order of their degrees in a
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similar way with the general framework. Then at each column-to-slice assignment
step, we consider assigning the current column to each of T column slices (Cp,
for 5 =1---T) and then realize the assignment that incurs the smallest amount

of increase according to Equation 4.1.

The details of BP,._.. is given in Algorithm 6. The complexity of the algorithm
is O(mlogm+nlogn+mlogT +|V|+nT?). The first two terms come from sorting
the rows and columns according to their degrees. The third term comes from the
selection of the best bin for each row in the first phase. The fourth term |V/|
comes from computing all ¢; g values since this requires scanning all nonzero of
the V' matrix. The last term comes from computing Equation 4.1 which takes

0(T) time, for each of the n column and for each of the 7" column slices.

Algorithm 6: BP,_.. Algorithm
Input: V,,«,, T
Assign rows with BP procedure
for a < 1 to m do
for 5+ 1tondo
‘ Ba,ﬁ — O
end

end
Sort columns in descending order
for j + 1 tondo
for 5+ 1to T do
| Costys = Yoy (IBagl + [¢jal)? = |Basl?
end
Find min s.t. Cost;min < Costjg, 8 =1,2,...T
for « <+ 1 to T do
‘ Ba,min — Boz,min U Cj,min
end
map(c;) < min
nd
forall v;; € V do
a < map(r;)
B < map(c;)
Vaﬂ — Vaﬁ U Vjj
end

®
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Chapter 5

Locality Aware Stochastic
Gradient Descent (LASGD)

Two definitions are given to express the motivation and the main points of the
proposed LASGD algorithm. These definitions assume there is a given random

nonzero update sequence.

Definition 1. Valid SGD Update Sequence

For a given nonzero update sequence, there can be different nonzero update
sequences such that the update order of P-matrix and (Q-matrix rows are the
same as the given original sequence. Each one of such sequences is defined as a
Valid SGD Update Sequence. Since the order of updates on P-matrix and Q-
matrix rows are exactly the same, latent factor matrices P and () are the same as
the original update sequence produces. That is, any valid SGD update sequence

can be used in the SGD process instead of the original one.

Example 1. Consider a simple rating matrix shown on Figure 5.1. There are
2 rows with x and y indices and 2 columns with z and w indices. The matrix
contains only 3 nonzeros. The numbers on nonzeros show their nonzero index
and their original update sequence, (vi,vs,v3). So, first v; is updated then vy
is updated and finally v3 is updated in the original sequence. In Figure 5.2, a

different valid SGD update sequence, (v, vq,v3), is given.
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(%1

V2 V3

Figure 5.1: A simple rating matrix consisting of three ratings

1 > 2 > 3

The original nonzero update order

2 > 1 > 3

A valid SGD update order

Figure 5.2: The original and another valid SGD update sequence

All update calculations on P-matrix and (-matrix rows are shown to prove
that (v1,ve,v3) and (vq, v1,v3) update sequences modify P-matrix and (Q-matrix
rows in exactly the same way. We encapsulate sgd calculation for P-matrix and
(Q-matrix updates with functions called sgdp and sgdg respectively for the sake
of clarity. sgd function takes a rating value and the corresponding P-matrix
and ()-matrix rows as arguments in order to complete a single rating update.
In the calculations, pg(f) shows the state of ' row of P-matrix after the row is
updated ¢ times. Equation 1 shows the updates on P-matrix and ()-matrix rows
if the original update sequence, (v1,vs,v3), and the alternative update sequence,
(vg,v1,v3) is used. Although latent matrix rows can be updated in different
orders, P-matrix rows and as well as (Q-matrix rows are exactly the same after
all of three nonzero updates. It shows that (vs,v1,v3) is a valid SGD update
sequence. In fact, it is the only valid SGD update sequence other than the

original one.
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<U1,112,U3> <U2701,’03>

Pt = sgdp(pl?, ¢, v1) i = sgdp(p}] ,qﬁﬁ)), v2)

¢tV = sgdo(py”, ¢V, v1) (” = s9dq(py’, ), v2)

Pl = sgdp (P}, 4, v2) pi" P(P§0)7qz ;v1)

d@(py ,qo) v2) ¢V = sgdo(p”, ¢{”, v1)

2)—SQdP( qz ,v3) PP = sgdp(p), ¢, vs)
¢ = sgdq(pl) vs) (2) = sgdo(piM, ¢, vs) (5.1)

Definition 2. Nonzero Update Graph

Nonzero Update Graph is a directed acyclic graph where each node represents
a nonzero of the rating matrix. There is a row edge from node a to node b only

if the following three conditions are met:

(i) Nonzeros represented by node a and node b reside in the same row.

(ii) Nonzero represented by node a appears before the nonzero of node b in the

nonzero update sequence.

(iii) In the row that contains the nonzeros corresponding to a and b, there is no
other nonzero between them with an update order that falls between the

update orders of a and b.

This construction logic applies to column edges as well. Nonzero update graph

satisfies the following properties:

e Fach node has at most 2 incoming edges.
e Fach node has at most 2 outgoing edges.

e Two nodes sharing the same incoming neighbor cannot have an edge be-

tween them.
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The graph construction rules and the properties imply that a nonzero update
graph is a sparse graph. The total number of edges in a nonzero update graph is

upper bounded by 2 times the number of nonzeros.

[<] rl_q ,,,,,,,,,,,,,,, s /f %
(@)

o ®

Figure 5.3: A sample rating matrix and its corresponding nonzero update graph.
The numbers inside the nonzeros and nodes show the update order.

Example 2. Figure 5.3 shows an example rating matrix and its corre-
sponding nonzero update graph. The original update sequence is given as
(v1, Vg, V3, Vg, Vs, V). Nonzero 2 does not share any row or column with any other
nonzero therefore node 2 has no incoming or outgoing edges. Other nodes are
connected with row and/or column edges according to the given rules. Also, note
that there is no edge between node 1 and 6 because of rule (ii7) although they

reside on the same column.

LASGD algorithm is based on the following observation about this graph: Any
topological order of the nonzero update graph gives a valid SGD update sequence
according to Definition 1. In other words, a nonzero update sequence generated
from a topological order of the nonzero update graph can be used in SGD updates

A

instead of the original sequence and the same result (V) should be achieved.

Example 3. Figure 5.4 shows three different valid SGD update sequence for the

example graph in Figure 5.3. There can be many other update sequences as well.

LASGD algorithm tries to pick a valid update sequence such that the machine

can use memory hardware more effectively. Although LASGD is inherently an
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Figure 5.4: Three possible nonzero update sequences for the graph given in Ex-
ample 2

optimization over sequential SGD algorithm, it can be adapted for parallel algo-
rithms as well. The next section will describe LASGD in detail on the sequential
case. After that, we’ll discuss how it can be extended to cover parallel SGD

methods that use grid-based partitioning.

5.1 LASGD on a single thread

The first step of LASGD is to create a nonzero update graph for V' matrix and
a given update sequence (V). Initially, the modified update sequence is empty.
Nodes with no incoming edges create a set of candidate nonzeros for the next
nonzero in the modified update sequence. When a nonzero is selected from this
set, it is appended to the end of the update sequence being constructed and the
corresponding node of the graph and outgoing edges of that node are removed
from the graph. Neighbor nodes that do not have other incoming edges apart from

edges that just removed are inserted to candidate nonzero set. This procedure is
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repeated until the graph becomes empty. This selection obeys a topological order
so the modified sequence we get at the end of the algorithm should be a valid
SGD update sequence.

The criteria considered while selecting a nonzero from candidates are listed

below.

e The corresponding P-matrix or ()-matrix rows are cached Since
access time to data in caches is much faster than access time to DRAM,
among two candidate nonzeros, the one whose latent factor rows are more
probable to be in the cache is preferred. A least recently used (LRU) cache
structure is used to simulate the real cache of the hardware. In this way,
LASGD can predict whether a P-matrix row or a ()-matrix row is in the
cache. The logic of the real hardware is more complex but our experiments
show that An LRU cache structure can model the behavior of the hardware

caches reasonably well.

e The corresponding P-matrix or ()-matrix rows are close to re-
cently used rows in DRAM in DRAM, row buffer acts as a bridge
between DRAM cells and memory bus. Accessing data that is already in
the DRAM row buffer is faster than accessing . This is known as row buffer
locality. According to our micro-benchmarks, write and read operations on
2 KB DRAM windows in which the last used data resides is much faster
than other regions of DRAM. Therefore, if P-matrix or ()-matrix rows are
not found in the cache, LASGD prefers nonzeros whose latent factors are
close to the last used memory location. As it is indicated previously, these
decisions are taken in the preprocessing step by modeling core caches and
DRAM. Row buffer locality and our related micro-benchmark are discussed

in Appendix A.

e The corresponding P-matrix or ()-matrix rows are encountered a
first time in ordering step It is directly related to the previous point.
If P-matrix or ()-matrix rows are not updated by any previous nonzeros in

the modified sequence, it means that their location in DRAM is not fixed

30



yet. So, we can move these rows near to the recently used DRAM location.

By doing so, SGD can update the rows more quickly.

As Algorithm 7 explains, a score is given to each of the nonzeros in the can-
didate set to track listed conditions on nonzeros. At each step, the nonzero with
the best score is placed into the SGD update sequence. After each selection, the

candidate set and scores of nonzeros are updated.

Algorithm 7: LASGD Algorithm
Input: V,,xpn, (V)
Construct the nonzero update graph G = (U, E) from (V) ;
S < the set of all nodes with no incoming edge ;
(V*) < empty list of the modified update sequence ;
forall v;; in S do
‘ Calculate score;; ;
end
while U is not empty do ;
Insert v;; to (V*) such that score;; is maximum ;
u < the node of v;; in the graph ;
forall node v : edge (u,v) € FE do
Remove edge (u,v) from the graph ;
if v has no other incoming edges then
‘ Insert v into S ;

end
Remove node u from the graph ;
Remove v;; from S
forall v;; in S do
Update score;; ;
end
SGD (Vinxns (VF))

5.2 LASGD on multiple threads

The main problem encountered when adapting LASGD to parallel methods is that
the actual update sequence isn’t known beforehand. For two nonzeros assigned

to different threads, one can be processed earlier in one execution and the other
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can be processed earlier in another execution depending on the execution speed
of instructions of assigned cores. This situation makes it difficult to construct
a nonzero update graph since we cannot determine nodes connected with edges

and the direction of the edges.

We can resolve this problem by using 2D grid-based parallel methods in which
the nonzero update sequence is clear in block level instead of using methods like
Hogwild whose nonzero update sequence is more chaotic. If nonzero update graph
generation rules are analyzed carefully, it can be understood that LASGD doesn’t
need to know the nonzero update sequence completely. the relative update order
between independent nonzeros, nonzeros that do not share a P-matrix or a Q-
matrix row, is insignificant for the algorithm since corresponding nodes in the
graph are not connected at all. Grid-based methods with synchronous block
scheduling ensure that threads work on independent blocks at all times. If cores
are homogeneous and blocks are sufficiently balanced, the statement is expected
to be true for grid-based methods with asynchronous scheduling as well. If we go
over Figure 3.3, the nonzeros in block Al are independent of nonzeros that are

updated in the same time interval (nonzeros in B1, C1, and D1 blocks).

Because of this observation, LASGD can create a nonzero update graph by
assuming there is some relative order between nonzeros processed in the same
time interval as long as the update order in a single block is protected. No
matter what order is assumed between blocks in the same time interval, there is
only one nonzero update sequence that can be generated. Therefore, the rating
matrix is partitioned with a grid partitioning method in order to apply LASGD
when multiple threads are used. Then, an arbitrarily order is assumed to exist
between blocks updated at the same time interval. After that, the same LASGD
procedure for a single thread is applied. Any load balancing method can be used
in the grid partitioning step. We used the BP,_,. algorithm since it generates

better-balanced blocks (as shown in Table 7.1) than alternative methods do.
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Chapter 6

Experiment Setup and Datasets

We use dual Intel Xeon Platinum 8280 CPUs having 28 physical cores each. Each
core has a private 32 KB L1 data cache and 1024 KB L2 cache. 38.5 MB L3 cache

is shared by all cores in a socket.

All implementations in the experiments are written in C++11, OpenMP [22]
library is used for parallelization. Result figures are plotted with the help of
Matplotlib library [23]. Some papers we investigated do not offer an open imple-
mentation or they are written for distributed systems only but still applicable to
shared memory systems. Therefore, we needed to code those methods. In fact,
we have coded all compared method from scratch even if an implementation has

already existed because of the following reasons:

e Implementations may have extra optimizations or bottlenecks that are not
directly related to the method. This would be advantageous or disadvanta-

geous for some methods.

e Parameters are defined differently in the papers, it is not easy to set the
same latent factor size, learning rate, and regularization parameters without
modifying existing code.

e Although the main SGD update operations are the same, there are slight

33



changes like weight initialization and stopping criteria that prevent consis-

tent results between implementations.

e Several implementations do extra computations like baseline bias calcula-
tions and some do not calculate them. Although they can give the same
result by setting bias weights to 0, they may still do calculations which

makes fair comparison difficult to do.

e Out intend is not to compare exact implementations but to investigate the
main ideas behind those methods and what makes them slower or faster
than the others.

We prefer using coordinate list (COO) sparse matrix format to store the rating
matrix as it is more flexible for permuting nonzero elements. The COO format
is known to have an expensive lookup time but SGD doesn’t need to access a

specific cell in the rating matrix.

P-matrix and @)-matrix are initialized uniformly at random between 0 and 1.
All evaluation error results are calculated with the RMSE metric on a test set
which is around 20% of all nonzero ratings. the latent factor size f is chosen as
16.

Code Profilings are done with Intel’s vTune Profile tool [24].

6.1 Datasets

Several datasets with different attributes and domains are used to preserve the
fairness of our experiments because some algorithms may favor datasets having a
certain pattern. The statistics for selected datasets are reported in Table 6.1. Row
count (m), col count (n), nonzero count, (| V' |), density values and row/column
degree information of V' matrix are reported. We use the following definition of

density.
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V]
m X n

d:

Although original datasets are in different formats, we processed them to be

in the matrix market exchange format.

The selected datasets are as follows: amazon_item_dedup, amazon_books,
amazon_clothing_shoes_and_jewelry, amazon_movies_tv, lastfm, movielens_20M,
movielens_latest, netflix, yahoo_music. The main categories are shopping, movies,
and music. Netflix and yahoo datasets are used in competitions of Netflix Chal-
lenge and KDD cup respectively. Beside them, we tried to use less commonly
known datasets like amazon-electronics [15]. Although they have extra attributes
like timestamp, category that would be useful for prediction, only rating values,

user-id values, and item id values are considered in the experiments.

We permute the update sequence of nonzeros to achieve two stochastic proper-
ties mentioned in Section 2 instead of selection with replacement. Thanks to this
permutation, sequential SGD guarantees that each nonzero is used for updates
exactly once at each iteration. In addition to permuting the order of updates,
row and column indices of nonzeros are also changed. In the raw data files, rows
and columns are arranged with respect to the number of ratings they have. For
example, The row with the most number of ratings is the first row and the den-
sity of rows decreases from top to bottom. We find out that such patterns affect
the performance of algorithms differently and we don’t want methods to rely on
a particular distribution. If a method needs a special matrix layout to work or
perform better then we expect the method itself to preprocess the matrix. So,
we swapped indices of rows and columns with random valid indices to break the

pattern as shown in figure 6.1.

6.1.1 Matrix Nonzero Distribution

We can learn more about the characteristics of the datasets by inspecting their

row and column degree distributions. Figure 6.1.1 shows row and column degree

35



9OURLIRA JO JUSIOIYIA0)) AD ‘WNWIXR]\ :XRUW ‘WINWIUI[ U

7097’8  ¢¢'9  61°60¢ S0£'8IT 91 LT'€ 9L'8VE 9€6°L0T AT 90FFF6'T9  T11°96¢  TT0'67¢ OIS 00T[RA
¢0°T'T 66'C G¥799S ¥¥6'cEC €1 VPI'T G2'60C €99°LT 1T LOG087'00T  OLLLT 681087 XTjjou
€0-9T'c 93¢ ¥89.% 136’16 1 VI'C 9096  9.2°9T 1 68¢'700°9¢  GIT'CY 968°0L% }SOYR[ SUSITAOTI
€0-9¢'S  CI'y  ¥8LVL 01€29 1 65T TIF¥PPT #9566  0C €92°000°0¢  ¥¥.L9C €67'8¢T W()g sua[erAom
70-08'T TL0T €€¢9 8ve'lL 1 LT0 98°8F 997 T 0£G°69G°LT  8GL'89C  6VE'6GE urgyse|
G0-00'T €€'¢ ¢6ec  906'TT 1 G¢T'¢ 0gCc  ¥99C 1 L¥0°L09'F  T¥6°002  089°880°C SoTAOI TIOZRTIR
90-96'¢ G689 E€FI9T  FFCST 1 ST 98T 0CS T e8V'FC8' L T00'9LF  969°T0C'F  SOIUOIIDId UoZRuIR
90-99'T  6S5F% 90'G  LW0'e 1 ceT ¥8T 67¢ I 026'8FL'G  T00'9ET'T 89T'LIT'E Sunyop HoZRUIR
90-97'T 999 €96  86£'TCc 1 08 08¢  102'€r 1 GGT'L0G'CC  990°0€€'C  ¥2€'920'8 syooq uozZRWR
L096'¢  9LL L€8  89¢Gr T €6V 06'€  L8STF T TET°LL9°C8  TIC'TLY'6 ©TG'9LI'Tg dnpop wojruozeure
AD ueoun Xeuwr urua AD ueowa Xeuwr urtix SOJI9ZUuouU mggﬁico SMOI
Aysuo(] 99180p uwn{o)) 99I39p MOY JO Ioquuny jese)R(]

sorpredol g joseje( :1°9 9[qRL,

36



Nonzero Distribution of Original Matrix and Row-Column Permuted Matrix
Original Matrix Row-Column Permuted Matrix

Row Index

Column Index Column Index

Figure 6.1: A comparison between original data and index shuffled data on the
distribution of nonzeros across the matrix, only a small fraction of data depicted
for the sake of clarity.

distributions of ten datasets when both axes are log-scaled. As seen on the
figure, both row and column degree distributions follow a linear pattern for most
of the datasets. This is a well-known property of scale-free networks. Scale-free
networks [25] are graphs such that their degree distribution follows a power-law.
In other words, if we denote k as the degree of a node and P(k) as the frequency of
nodes having k£ number of edges, there is a power-law relationship between k and
P(k) with some constant . This power-law relation becomes a linear relation
when log function is applied to both sides. That is why linear patterns show up

in the figure.

P(k) ~ k™

37



Frequence

10-°

10°

Frequence
=
<

1074

1073

._.
<

Frequence
=
2

1074

10°

10t

amazon_items

107
Degree

amazon_movies

Degree

amazon_electronics

.

.

.

o
Row Degree 10

Column Degree

Frequence

107

Row Degree
Column Degree

Frequence

Row Degree
Column Degree

107

1072

Frequence
-
2

1074

oo XX

38

10°

10t

amazon_books

102

Degree

amazon_clothings

.

.

Row Degree

Column Degree

104

Row Degree

Column Degree

tee a4,
Py ~

e enee

e
e
o,

L o emen sesaseneeaes

Degree

.

Row Degree

Column Degree



movielens_20m

+  Row Degree
« Column Degree

S
b

Frequence
Frequence

e
=

10° 10t 102 10° 104 10°
Degree
movielens_latest

«  Row Degree
% Column Degree

Frequence
Frequence

Degree

netflix

«  Row Degree
«  Column Degree

10° 10t 107 10° 104 10°
Degree

yahoo_music

«  Row Degree
% Column Degree

i

L.
. .
eeemmmm———o: Ve
e
——
cem—e . .
L N
———eees .
A
10% 10% 104 10°
Degree

Figure 6.2: Row-column degree distribution of individual datasets

What this relation means for the rating matrices is that most of the rows and
columns are very sparse and few rows and columns contain most of the ratings.
This "rich-get-richer” phenomenon causes nonzero distribution of V' matrix rows

and columns to be skewed. Skewed rows and columns cause load balance problems

in the random partitioning algorithm as discussed in Chapter 4.

The row degree distribution of lastfm dataset does not follow the mentioned
power-law pattern. As Figure 6.1.1 show, its degree distribution resembles the

bell shape. Other than this exception, all datasets follow scale-free power-law

degree distribution with v varying between 0.36 and 3.07.
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Figure 6.3: Row degree distribution of lastfm dataset does not follow power law

6.2 Experiment Parameters

The learning rate, regularization parameter, and iteration count values used in our
experiments are listed in Table 6.2 with their corresponding RMSE values. RMSE
values we got seems to be consistent with the results of other studies [12,26],
although the learning rate, regularization parameter, and iteration count differ

due to the implementation differences.
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Table 6.2: Parameters and RMSE Values for Each Dataset

Dataset Learning Rate Regularization Iteration Count RMSE
amazon_item_dedup 0.0030 0.10 30 1.22
amazon_books 0.0030 0.10 40 1.10
amazon_clothing 0.0030 0.10 40 1.31
amazon_electronics 0.0030 0.10 30 1.38
amazon_movies 0.0030 0.10 30 1.18
lastfm 0.0010 0.20 40 1.92
movielens_20m 0.0030 0.01 80 0.79
movielens_latest 0.0030 0.01 80 0.78
netflix 0.0030 0.10 60 0.84
yahoo_music 0.0001 0.05 60  23.30

6.3 Implementation Detail: Contiguous Mem-

ory

The hardware of memory structures is optimized for linear accesses. In 2D grid
partitioning methods, the corresponding P-matrix and ()-matrix rows of nonzeros
in a single 2D-block should be contiguous in the main memory in order to utilize
memory better. An example of contiguous and non-contiguous memory layouts is
given in Figure 6.3 assuming that the rating matrix is partitioned into 4 threads.
The color of a nonzero represents the thread the nonzero is assigned and the

numbers show the update order of the nonzeros.
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Figure 6.4: Example of contiguous memory layout (left) and non-contiguous mem-

ory layout (right) when a 2D grid partitioning method is used.

Placing P-matrix and ()-matrix rows of nonzeros in a 2D block close to each
other allow the program to utilize spatial cache locality and row buffer local-
ity better. Depending on the factor size, contiguous memory layout increases
the probability of CPU cache hit and/or the probability of row buffer hit while

processing nonzeros in a 2D block.

If P-matrix and ()-matrix are not aligned to cacheline size or a row of P and
() matrices is smaller than a cacheline, a false sharing problem can occur in non-
contiguous memory layouts. False sharing is a data conflict between threads over
a single cacheline such that a thread modifies a part of the cacheline and another
thread modifies another part of the same cacheline. Although they don’t share
any real data, data migration still occurs because they update the same cache-
line. Contiguous memory layout solves this problem completely since nonzeros
processed in the same subepoch by different threads are placed into different

cachelines.

For these reasons, we use contiguous memory layout in all 2D grid-based im-
plementations. Given a partition II, it is always possible to arrange the rating

matrix by moving rows and columns of the rating matrix as shown in figure 6.3.

42



Chapter 7

Results

Table 7.1 shows how good random permutation, BP,.., BP,_. and BP._,, algo-
rithms balances the block partitions using datasets mentioned in Section 5. As
the table shows, the proposed algorithms are superior compared to the random
permutation method especially when the number of blocks becomes large. An-
other observation is that matrices that our algorithms partition better by a huge
margin are dense matrices whose number of rows and columns is low compared to
the number of nonzeros. In sparse matrices, random permutation also generates
fairly balanced blocks. It starts to perform worse as the dataset gets denser and

the number of partitions increases.

It may seem counter-intuitive that independent row and column partitioning
(BP,.) gives balanced blocks. The algorithm assumes that nonzero distribution
in a column is independent of the number of nonzeros in the column. It looks a
strong assumption but table 7.1 shows that it provides a significant improvement
over the random partitioning method and it also achieves a rather good balance

for a small number of threads.

Figure 7.1 and 7.3 compares proposed SGD algorithms (BP,,., BP,_.,
LASGD) and existing algorithms (Simple-Parallel SGD, Hogwild, Grid with ran-

dom permutation) as the number of threads increases. Figure 7.2 analyzes the
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sequential case between LASGD and sequential SGD. Note that, Hogwild and
other grid-based parallel methods are reduced to sequential SGD when only one

thread is used.

Experiment results show that the proposed methods perform better compared
to Hogwild and grid approach with the random permutation partitioning. The
fact the performance difference between proposed and existing methods increases
as the number of threads increases indicates our methods are more scalable. On
56 threads, the LASGD algorithm gets more than 3 times more throughput than
the Hogwild method and gets around 1.5 times more throughput than the random

permutation method.

Another observation is about the performance scaling of Hogwild. The
throughput of Hogwild doesn’t change between 28 threads and 56 threads. When
code profiling results and the architecture of the experiment system are consid-
ered together, we conclude that data migrations between L3 caches of sockets
cause this behavior. There are 28 cores on each socket so data migrations be-
tween L1 or L2 caches become migrations between L3 caches when 56 threads
are used. Since data migration between L3 caches is a lot more costly than data
migration between L1 or L2 caches, almost no speedup is achieved. We can see
this problem doesn’t occur in grid partitioning methods because data migration

is avoided due to threads running on independent blocks.

When the BP,.. algorithm is compared with the BP,_,. algorithm, BP,_,.
performed slightly better, which is consistent with Table 7.1. However, the pre-
processing time of BP,_.. is higher so BP,,. can be preferable for some dataset

since its grid partitioning is simple and fast.

Figure 7.2 shows there is significant improvement gained with Sequential
LASGD with amazon datasets. It still performs better than sequential SGD

on movielens, netflix, lastfm, and yahoo but the difference is not much.

When speedup curves for different datasets are examined separately, it becomes

easier to understand why some ideas work better for some datasets. The speedup
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Figure 7.1: Comparison of proposed SGD algorithms against existing algorithms

in terms of average throughput values with respect to increasing number of
threads

curves for netflix and movielens dataset almost reach the ideal speedup. On this
dataset, there is an immense improvement gained through proposed load-balanced
algorithms over using the random permutation method. It is seen from Table 7.1
that netflix and movielens dataset suffer most from the imbalance between blocks
so it is logical to see that better load balancing methods like BP, . and BP,_,.

affect the performance extremely.

Another observation is that the proposed load balancing methods favor dense
datasets more than the sparse ones while the memory access improving method
(LASGD) performs much better on sparse datasets. Since there are fewer P-

matrix and ()-matrix rows compared to the total number of nonzeros in a denser
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LASGD Improvement over SGD
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Figure 7.2: Sequential LASGD results compared to Sequential SGD results

dataset like movielens_20m, movielens_latest, and netflix, it is possible that load
balance becomes the main bottleneck. On the other hands, sparse datasets like
all amazon matrices contain more P-matrix and (Q-matrix rows relative to the
number of nonzeros so a load imbalance is hard to occur and doesn’t affect the

performance as much as memory access patterns to P-matrix and ()-matrix rows.
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Figure 7.3: Throughput scalability curve with increasing number of threads for

individual datasets

7.1 Convergence Discussion

Many studies [10, 12,27, 28] show the convergence of their methods with plots
that one axis shows the wall clock time and the other axis shows RMSE values.
In their approach, the underlying reason for better convergence of a method is
not clear. It might be converged faster because it did more SGD updates per
second or it found more accurate P- and ()-matrices per update. To clarify the
reasons behind better convergence, we show updates per second values and RMSE

per iteration values separately. Here and hereafter, convergence rate means the
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change of RMSE values over iteration numbers.

Figure 7.4 shows the convergence rate of the sequential SGD algorithm and
LASGD algorithm. As shown in the figure, convergence lines are almost com-
pletely overlapping. Therefore, LASGD doesn’t degrade the convergence rate of
SGD according to the plot.

Since LASGD algorithm uses a proposed load balancing method (BP,_,.), the
figure indirectly compares the convergence rate of proposed load balancing meth-
ods. LASGD doesn’t affect the convergence rate of SGD so we can say that
proposed load balancing methods also have no negative effect on the convergence

rate.
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Figure 7.4: Convergence plots of Sequential SGD and LASGD for each dataset

7.2 Discussion about the Factor Size

The factor size parameter f directly affects the accuracy and the performance
of the algorithm. Smaller or larger values than the optimal value produce poor
accuracy results. When smaller f values are used, the produced model (P and
() matrices) is not strong enough to capture the patterns in the rating matrix.
Larger f on the other hand may overfit the training data. So, it again cannot
predict unseen ratings correctly even though its accuracy on known values can

be good. Therefore, f should be picked in such a way that it should give good
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results on unseen data.

In our experiments, the f value equals to 16. We use the same f value for all

datasets. The reasons for our decision on this factor size are as follows:

e Using the same f value allows us to compare the performance results of
different datasets.

e The f = 16 value gives reasonable RMSE results as shown in table 6.2. We
could get better RMSE values by selecting a different factor size value for
each dataset. However, we want to use a single f value for all datasets so

16 seems to be a good parameter value that works for every dataset.

e We use 4-byte float type for each element in the factor matrices. So a row of
P or () matrices becomes 64-bytes which is also the size of a cacheline. Set-

ting a row of latent factor matrices equal to a cacheline makes our analysis
of LASGD algorithm simpler.

Here, we discuss how the performances of proposed algorithms are affected in
terms of the factor size. The proposed load balancing algorithms (BP, ., BP,_,
BP._,,) reduces the threads’ idle time, their optimization is not directly related
to the factor size. We get similar performance speedup results compared to the
2D grid partitioning with the random permutation method when a different f

value is used.

The LASGD algorithm improves the latency of reading/writing latent factor
rows. So, the value f affects the performance of LASGD. If larger f values
are used, it will be difficult for the algorithm to apply the same cache locality
optimizations and row buffer locality optimization because the algorithm will
place fewer P-matrix and ()-matrix rows to the caches and to the active row. As
a result, the larger f values reduce the performance gain of LASGD algorithm
whereas the smaller f values increase the performance dually. That is, we can fit
more P-matrix and @)-matrix rows to the caches and to the active row. Also, using

f values smaller than 16 means that we can fit more than one row into a single
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cacheline. This is also a performance increasing factor for LASGD algorithm

although the algorithm should be updated accordingly to cover this case.
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Chapter 8

Conclusion and Future Works

In the load balancing methods, we tried to balance all blocks as evenly as possible.
However, it is enough to load balance blocks that are processed in the same time
interval. That is, blocks on different time intervals can have a different number
of nonzeros without hurting runtime performance. For the future work, We are
planning to enhance the update order selection process of LASGD to gain even
more performance since it has more room for improvements due to this relaxed

load balance constraint.

We proposed algorithms to address load balancing issues in grid-based parallel
SGD methods and proposed LASGD to address the memory underutilization
problem. We explained how these ideas can be merged into a single shared
memory parallel SGD algorithm that performs more effective than currently used

methods.

95



Appendix A

Row Buffer Locality

Micro-benchmark

We will give some background information on DRAM and row buffers before
explaining our benchmark setup and results. Modern DRAM architectures are
consist of many storage organization layers like DIMMs, ranks, banks and arrays.
Each bank contains arrays where data is stored. A row buffer placed in every
bank which acts as a data bridge between data cells and the memory bus. When a
read command is issued on DRAM, the corresponding DRAM row is fetched from
the data cells and stored on the row buffer. This is known as a row activation
and the activated row is called open row or open page. After row activation step,
the row buffer can send requested word of the row with the help of a column
decoder. Even if a single cache line of data is requested, the whole row which can
be as large as 8 KB should be fetched into the row buffer. The write operation
is similar. That is, updated words are first written into row buffer. Then, they

are transferred to data cells.

There are two main policies to manage the row buffer: open-page and closed-
page policies. In open page policy, after a page (DRAM row) is fetched into
the row buffer, it stays in the buffer until a request to another row is made. If

another request to a word in the same row, it can be transmitted to CPU with
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a low latency since it is already in the row buffer [29,30]. This is known as row
buffer hit. If the requested word is not in the open row, open row should be
written to DRAM cells before requested row is fetched into the row buffer. This
is known as row buffer miss. Because of the extra data communication between
row buffer and DRAM cells, the latency is longer if row buffer miss occurs. In
closed-page policy however, open row is written back to data cells immediately
after it is used. Closed page policy can provide better latency in the case of row
buffer misses because row buffer have sent the open row before hand so it doesn’t

need to send open row to DRAM cells while CPU is waiting.

As explained in previous two paragraphs row buffers can be considered as a
cache for the recently used row. We benchmark the code given in Appendix B
to develop a better understanding on the performance behaviour of our system

regarding row buffer hits.

The profiled code is basically consist of two nested loops. In the inner loop,
the program reads an index from an array of size N. Then the program reads
the data from the data array according to the index. It does a simple calculation
and then it writes to the same memory location. By changing the index array, we
can adjust the DRAM access pattern of the program. For example if (1,2, -- N)
is used as the index array, the program visit data array in linear fashion. Each
location of the data array contains a predefined structure called chunk. A chunk
is 64 byte structure containing a single integer value. The reason for using a 64
byte structure is that a chunk exactly fits into a cacheline if data array is aligned
to 64 bytes. We can negate the effect of L1, L2 and L3 cache hits/misses and
focus on the row buffer hits/misses. Outer loop is used to iterate the inner loop
several times to get smoother results. The array size N is large enough that the

array does not fit into the caches so each data in the array is fetched from the
DRAM.

The index array configurations used in the experiment are listed below:

e Complete Linear : Processes items from 1 to N.
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e Complete Random : Index array is shuffled so the code visits the

elements of the data array completely random.

e Shuffled Blocks In-Block Linear < k£ > : Index array is split into
blocks with k& elements. All blocks are shuffled. Within each block, items

are processed in linear order.

e Shuffled Blocks In-Block Random < k£ > : Index array is split into
blocks with k elements. All blocks are shuffled. Within each block, items

are processed randomly.

Note that the complete linear configuration can be represented by the shuffled
blocks in-block linear configuration with N block size. Similarly, the complete
random configuration can be represented as shuffled blocks in-block random con-
figuration with 1 block size. We decided to show them separately to emphasize
those special cases. Example index arrays for the mentioned configurations are
shown in Figure A. In the example, the array size (V) is 12 and the block size
(k) is 4.

[1]2]3]4]5]6]|7]8]09]10]1a]12]
Complete Linear

[8]4[12[2]u]0]6[5[1]3]7]9]

Complete Random

! 3
[o[1o]11|12{5]6|7[8]|1[2]3]4]
Shuffled Blocks In-Block Linear

[of12f11]o]s]|7]6[8[a]1]3]2]
Shuffled Blocks In-Block Random

Figure A.1: Example index array of experiment configurations for index array

with 12 elements and 4-size blocks. The blocks are divided with dashed lines.
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A.1 Benchmark Results

Table A.1: Prefetching Disabled In-Block Linear Benchmark Results

Configuration Throughput Bandwidth Latency Latency

(x106) (%) (%) (cycles)
Complete Random 55.07 58.72 38.99  322.60
In-Block Linear 2 58.32 61.69 36.39  306.20
In-Block Linear 4 60.11 61.74 36.50  288.70
In-Block Linear 8 67.56 70.32 2797  274.60
In-Block Linear 16 72.15 74.06 24.02  265.50
In-Block Linear 32 88.38 93.21 6.23  243.00
In-Block Linear 64 88.89 93.71 5.96  232.50
In-Block Linear 128 88.75 92.13 6.06  225.50
In-Block Linear 256 88.64 92.93 6.36  232.10
In-Block Linear 512 88.65 93.35 5.56  231.20
In-Block Linear 1024 89.25 93.69 5.51 229.60
Complete Linear 89.14 82.33 5.23 224.70

Table A.1 and A.2 show benchmark results of in-block linear and in-block
random configurations respectively with various block sizes. The throughput
column shows the number of millions item processed per second. The bandwidth
column shows percentage of time CPU was stalled on the main memory with high
DRAM utilization. The latency (%) column shows the percentage of time CPU
was stalled due to the latency of the main memory (DRAM) and the latency
(cycles) column shows the latency of DRAM in average CPU cycles.

As seen on the tables, accessing memory cachelines in linear fashion is signif-

icantly faster than random access. Also, clustering items into a set blocks and
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Table A.2: Prefetching Disabled In-Block Random Benchmark Results

Configuration Throughput Bandwidth Latency Latency

(x106) (%) (%) (cycles)
Complete Random 55.07 58.72 38.99  322.60
In-Block Random 2 58.12 61.77 36.60  311.10
In-Block Random 4 59.77 61.90 36.99  286.00
In-Block Random 8 67.54 70.43 28.26  278.90
In-Block Random 16 73.24 75.39 22.26  270.20
In-Block Random 32 88.17 92.86 6.47  237.60
In-Block Random 64 88.48 92.69 596  233.20
In-Block Random 128 86.37 92.78 5.59  233.90
In-Block Random 256 84.50 93.64 5.12  239.40
In-Block Random 512 83.78 93.90 5.00  233.70
In-Block Random 1024 83.69 93.84 5.22  250.50
Complete Linear 89.14 82.33 5.23  224.70

requesting them block by block is also efficient way of accessing data in DRAM.
As the block size is increased the latency of DRAM accesses is decreased and
consequently we get better throughput values. However, this performance gain is
stopped at block size of 32. In other words, using blocks larger than 32 does not
achieve more performance than the configuration using blocks with 32 size. Since
1 block is 64 bytes, a block of size 32 is equivalent to 2 kilobytes. These results
are consistent with our row buffer locality explanations. That is, accessing the
data on the open row has lower latency. The fact that the performance gain stops
at 2 KB implies the row size is 2 KB.
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Figure A.2: Comparison between in-block linear order configuration and in-block

random order configuration.

As we said earlier, consecutive accesses to 2 KB memory window rather than
accessing data in a completely random fashion can utilize memory better. Figure
A1 shows that the statement is true even if we access items in the block in random
order. The figure compares throughput of in-block linear order configurations
against in-block random order configurations with different block size values. In
general, there is no distinguishable difference between two approach. However,
the throughput seems to start decreasing slightly after block size 32. This result
also supports our inference that row buffer size is 2 KB because in configurations
where block size is larger than 32 items (or 2 KB), DRAM starts to access different

DRAM rows while the program is processing a single block.

We use the outcome of this experiment in the LASGD algorithm. LASGD
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algorithm can change the memory access pattern of SGD. LASGD utilize DRAM
better by arranging the rating matrix in such a way that latent factor read/write
requests exploits DRAM row buffer locality. The detailed discussion is given in

Chapter 5.
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Appendix B

Code

All code is hosted on https://github.com/Shathra/parallel-sgd-on-multicore-arch

B.1 Row Buffer Locality Benchmark Code

struct chunk

{

int val;

int pad[15];
};
Main loop :

for(int i = 0; i < iteration; i++)
{
for(int j = 0; j < N; j++)
{
int idx = idx_arrl[j];

arr[idx] .val *= current;
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current = arr[idx].val;
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