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Abstract. Collaborative filtering (CF) based recommender systems have gained
wide popularity in Internet companies like Amazon, Netflix, Google News, and
others. These systems make automatic predictions about the interests of a user
by inferring from information about like-minded users. Real-time CF on highly
sparse massive datasets, while achieving a high prediction accuracy, is a compu-
tationally challenging problem. In this paper, we present a novel design for soft
real-time (less than 10 sec.) distributed co-clustering based Collaborative Filter-
ing algorithm. Our distributed algorithm has been optimized for multi-core cluster
architectures using pipelined parallelism, computation communication overlap
and communication optimizations. Theoretical parallel time complexity analysis
of our algorithm proves the efficacy of our approach. Using the Netflix dataset
(100M ratings), we demonstrate the performance and scalability of our algorithm
on 1024-node Blue Gene/P system. Our distributed algorithm (implemented us-
ing OpenMP with MPI) delivered training time of around 6s on the full Netflix
dataset and prediction time of 2.5s on 1.4M ratings (1.78μs per rating predic-
tion). Our training time is around 20× (more than one order of magnitude) better
than the best known parallel training time, along with high accuracy (0.87±0.02
RMSE). To the best of our knowledge, this is the best known parallel performance
for collaborative filtering on Netflix data at such high accuracy and also the first
such implementation on multi-core cluster architectures such as Blue Gene/P.

1 Introduction

Collaborative filtering (CF) is a subfield of machine learning that aims at creating algo-
rithms to predict user preferences based on past user behavior in purchasing or rating
of items [13], [15]. Here, the input is a set of known item preferences per user, typically
in the form of a user-item ratings matrix. This (user ∗ item) ratings matrix is typically
very sparse. The Collaborative Filtering problem is to find the unknown preferences of
a user for a specific item, i.e. an unknown entry in the ratings matrix, using the under-
lying collaborative behavior of the user-item preferences. Collaborative Filtering based
recommender systems are very important in e-commerce applications. They help peo-
ple find more easily, items that they would like to purchase [16]. This enhances the user
experience which typically leads to improvements in sales and revenue. Such systems
are also increasingly important in dealing with information overload since they can lead
users to information that others like them have found useful. With massive data rates
in telecom, finance and other industries, there is a strong need to deliver soft real-time
training for CF as it will lead to further increase in customer experience and revenue
generation. Hence, soft real-time CF (with less than 10 sec.) based recommender sys-
tems are very useful.
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Typical approaches for CF include matrix factorization based techniques, correlation
based techniques , co-clustering based techniques and concept decomposition based
techniques. Matrix factorization [17] and correlation [5] based techniques are computa-
tionally expensive hence cannot deliver soft real-time CF. Further, in matrix factoriza-
tion based approaches, updates to the input ratings matrix leads to non-local changes
which leads to higher computational cost for online CF. Concept Decomposition based
technique [1] perform spherical k-means followed by least-squares based approxima-
tion of the original matrix. This work presents only sequential performance of 13.5
minutes for training of the full Netflix dataset which is far from being considered soft
real-time. Co-clustering based techniques [8], [6] have better scalability but have not
been optimized to deliver high throughput on massive data sets. [6] presented dataflow
parallelism based co-clustering implementation which did not scale beyond 8 cores due
to cache miss and in-memory lookup overheads. Moreover, CF over highly sparse data
sets leads to lower compute utilization. Further, for large scale distributed / cluster envi-
ronment (256 nodes and beyond), communication cost can dominate the overall perfor-
mance and the communication cost becomes worse with increasing size of the cluster,
leading to performance degradation. Thus, high computational demand, low parallel
efficiency (due to cache overheads and low compute utilization) and high communica-
tion cost are the key challenges to achieving high throughput distributed Collaborative
Filtering on highly sparse data sets.

In order to optimize the parallel performance, achieve high parallel efficiency and
give near real time guarantees, we optimized our distributed algorithm using pipelined
parallelism, compute communication overlap and communication optimizations (in-
cluding topology mapping, steiner node for communication time reduction) for mas-
sively parallel multi-core cluster architectures such as Blue Gene/P 1. In order to main-
tain high parallel efficiency, our algorithm makes compute vs. communication trade-
offs at various phases of the algorithm. Analytical parallel time complexity analysis
proves the scalability provided by our performance optimizations as compared to the
naive MPI based approach that has been used in all prior implementations. We eval-
uated our parallel CF algorithm on the prestigious Netflix Prize data set [3]. Netflix
provides around 100M ratings (on a scale from 1 to 5 integral stars) along with their
dates from 480189 randomly-chosen, anonymous subscribers on 17770 movie titles.
On this dataset, we test the hybrid(MPI+OMP) parallel version of our optimized algo-
rithm. We demonstrate around 20× CF performance (including training time) over the
full Netflix dataset as compared to the best prior parallel approaches.

This paper makes the following key contributions:

– We present the design of a novel distributed co-clustering based Collaborative
Filtering algorithm for soft real-time (less than 10 sec.) performance over highly
sparse massive data sets on multi-core cluster architectures. Our algorithm involves
performance optimizations such as pipelined parallelism, computation communi-
cation overlap and communication optimizations (including topology mapping and
steiner nodes for communication cost reduction).

– Analytical parallel time complexity analysis, theoretically establishes the improve-
ment in performance and scalability using our algorithm.

1 www.research.ibm.com/bluegene
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– We demonstrate soft real-time distributed CF using the Netflix Prize dataset on a
1024-node Blue Gene/P system. We achieved a training time of around 6s with the
full Netflix dataset and prediction time of 2.5s on 1.4M ratings with RMSE (Root
Mean Square Error) of 0.87 ± 0.02. This is around 20× (more than one order of
magnitude) better than the best known parallel training time [6] along with high
accuracy. To the best of our knowledge, this is the highest known distributed per-
formance at such high accuracy. Our algorithm also demonstrates high scalability
for large number of nodes on MPP architectures.

2 Related Work

Typical CF techniques are based on correlation criteria [5] and matrix factorization [17].
The correlation-based techniques use similarity measures such as Pearson correlation
and cosine similarity to determine a neighborhood of like-minded users for each user
and then predict the users rating for a product as a weighted average of ratings of the
neighbors. Correlation-based techniques are computationally very expensive as the cor-
relation between every pair of users needs to be computed during the training phase.
Further, they have much reduced coverage since they cannot detect item synonymy. The
matrix factorization approaches include Singular Value Decomposition (SVD [14]) and
Non-Negative Matrix Factorization (NNMF) based [17] filtering techniques. They pre-
dict the unknown ratings based on a low rank approximation of the original ratings ma-
trix. The missing values in the original matrix are filled using average values of the rows
or columns. Unlike correlation-based methods, the matrix factorization techniques treat
the users and items symmetrically and hence, handle item synonymy and sparsity in a
better fashion. However, the training component of these techniques is computationally
intensive, which makes them impractical to have frequent re-training. Incremental ver-
sions of SVD based on folding-in and exact rank-1 updates [4] partially alleviate this
problem. But, since the effects of small updates are not localized, the update operations
are not very efficient.

[8] studies a special case of the weighted Bregman co-clustering algorithm. The co-
clustering problem is formulated as a matrix approximation problem with non-uniform
weights on the input matrix elements. Both the users and the items are clustered so
that item synonymy ceases to be a problem. As in the case of SVD and NNMF, the
co-clustering algorithm also optimizes the approximation error of a low parameter re-
construction of the ratings matrix. However, unlike SVD and NNMF, the effects of
changes in the ratings matrix are localized which makes it possible to have efficient
incremental updates. [8] presents parallel algorithm design based on co-clustering. It
compares the performance of the algorithm against matrix factorization and correlation
based approaches on the MovieLens2 and BookCrossing dataset [19] (269392 explicit
rating(1-10) from 47034 users on 133438 books). We consider soft real-time (around
10 sec.) CF framework using hierarchical parallel co-clustering optimized for multi-
core clusters using pipelined parallelism and computation communication overlap. We
deliver scalable performance over 100M ratings of the Netflix data using 1024 nodes

2 http://www.grouplens.org/data/. 100K ratings(1-5) 943 users, 1682 movies.
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of Blue Gene/P with 4 cores at each node. [6] uses a dataflow parallelism based frame-
work (in Java) to study performance vs. accuracy trade-offs of co-clustering based CF.
However, it doesn’t consider re-training time for incremental input changes. Further,
the parallel implementation does not scale well beyond 8 cores due to cache miss and
in-memory lookup overheads. We demonstrate parallel scalable performance on 1024
nodes of Blue Gene/P and 20× better training time and better prediction time along
with high prediction accuracy (0.87 ± 0.02 RMSE).

[18] presents a parallel algorithm based on Alternating-Least-Squares with
Weighted-λ-Regularization (ALS-WR) for the Netflix Prize dataset. Their solution, us-
ing parallel Matlab on a Linux cluster, takes 2.5 hrs for training (30 ALS iterations) and
with RMSE value around 0.9 on 1000 hidden features. We address the matrix approxi-
mation problem using a novel distributed co-clustering algorithm that incorporates per-
formance optimizations to achieve highly scalable performance with the record training
time of 5.9s on the full Netflix dataset and high accuracy. [10] studies IO scalable co-
clustering by mapping a significant fraction of computations performed by the Bregman
co-clustering algorithm to an on-line analytical processing (OLAP) engine. [12] stud-
ies the scalability of basic MPI based implementation of co-clustering. We deliver more
than one order of magnitude higher performance compared to this work, by performing
communication optimizations for multi-core cluster based MPPs such as Blue Gene/P.
[1] presents results of collaborative filtering using Concept decomposition based ap-
proach. Concept decomposition is a matrix approximation scheme that solves a least-
squares problem after clustering. It has been empirically established [7] that the approx-
imation power (when measured using the Frobenius norm) of concept decompositions
is comparable to the best possible approximations by truncated SVDs [9]. However, [1]
presents the results of a sequential concept decomposition based algorithm that takes
13.5mins. training time for the full Netflix data, which is very high when looking at soft
real-time performance. We achieve around 138× better performance using an optimized
distributed algorithm designed for multi-core cluster architectures.

3 Background and Notation

In this paper, we deal with partitional co-clustering where all the rows and columns
are partitioned into disjoint row and column clusters respectively. We consider a gen-
eral framework for addressing this problem that considerably expands the scope and
applicability of the co-clustering methodology. As part of this generalization, we view
partitional co-clustering as a lossy data compression problem [2] where, given a speci-
fied number of rows and column clusters, one attempts to retain as much information as
possible about the original data matrix in terms of statistics based on the co-clustering
[11]. The main idea is that a reconstruction based on co-clustering should result in the
same set of user-specified statistics as the original matrix.

A k ∗ l partitional co-clustering is defined as a pair of functions:
ρ : 1, . . . , m �−→ 1, ..., k; and, γ : 1, . . . , n �−→ 1, ..., l. Let Û and V̂ be random
variables that take values in 1, ..., k and 1, ..., l such that Û = ρ(U) and V̂ = γ(V ).
Let, Ẑ = [ẑuv] ∈ Sm×n be an approximation of the data matrix Z such that Ẑ de-
pends only upon a given co-clustering (ρ, γ) and certain summary statistics derived from



Distributed Scalable Collaborative Filtering Algorithm 357

co-clustering. Let Ẑ be a (U,V)-measurable random variable that takes values in this ap-
proximate matrix Ẑ following w, i.e., p(Ẑ(U, V ) = ẑuv) = wuv . Then, the goodness
of the underlying co-clustering can be measured in terms of the expected distortion
between Z and Ẑ , that is,

E[dφ(Z, Ẑ)] =
m∑

u=1

n∑

v=1

wuvdφ(zuv, ẑuv) = dΦw(Z, Ẑ) (1)

where Φw : Sm×n �−→ R is a is a separable convex function induced on the matrices
such that the Bregman divergence (dΦ()) between any pair of matrices is the weighted
sum of the element-wise Bregman divergences corresponding to the convex function φ.
From the matrix approximation viewpoint, the above quantity is simply the weighted
element-wise distortion between the given matrix Z and the approximation Ẑ . The co-
clustering problem is then to find (ρ, γ) such that (1) is minimized.

Now we consider two important convex functions that satisfy the Bregman diver-
gence criteria and are hence studied in this paper.

(I-Divergence) : Given z ∈ R+, let φ(z) = zlogz − z. For z1, z2 ∈ R, dφ(z1, z2) =
z1log(z1/z2) − (z1 − z2).
(Squared Euclidean distance) : Given z ∈ R, let φ(z) = z2. For z1, z2 ∈ R,
dφ(z1, z2) = (z1 − z2)2.

Given a co-clustering (ρ, γ), Modha et al. discuss six co-clustering bases where each
co-clustering basis preserves certain summary statistics on the original matrix. It also
proves that the possible co-clustering bases (C1 . . . C6) form a hierarchical order in
the number of cluster summary statistics they preserve. The co-clustering basis C6
preserves all the summaries preserved by the other co-clustering bases and hence is
considered the most general among the bases. In this paper we discuss the partition-
ing co-cluster algorithms for the basis C6. For co-clustering basis C6 and Euclidean-
divergence objective, the matrix approximation is given by: Âij = ACOC

gh + (ACC
ih −

ARC
gj ), where, ARC

gj =
SRC

gj

W RC
gj

=
∑

i′|ρ(i′)=g Ai′j∑
i′|ρ(i′)=g Wi′j

; ACC
ih = SCC

ih

W CC
ih

=
∑

j′|γ(j′)=h Aij′∑
j′|γ(j′)=h Wij′

;

Algorithm 1. Sequential Static Training via Co-Clustering
Input: Ratings Matrix A, Non-zeros matrix W , No. of row clusters l, No. of column clusters k.
Output: Locally optimal co-clustering (ρ,γ) and averages ACOC ,ARC ,ACC ,AR and AC .
Method:
1. Randomly initialize (ρ,γ)
while RMSE value is converging do

2a. Compute averages ACOC ,ARC
gj ,ACC

ih ,AR and AC .
2b. Update row cluster assignments
ρ(i) = argmin

1≤g≤k

∑n
j=1 Wijdφ(Aij , Âij), 1 ≤ i ≤ m

2c. Update column cluster assignments
γ(i) = argmin

1≤h≤l

∑m
i=1 Wijdφ(Aij , Âij), 1 ≤ j ≤ n

end
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ACOC
gh = SCOC

gh

W COC
gh

=
∑

i′|ρ(i′)=g

∑
j′|γ(j′)=h Ai′j′∑

i′|ρ(i′)=g

∑
j′|γ(j′)=h Wi′j′

. The sequential update algorithm for

the basis C6 is as shown in Algorithm 1 where the approximation matrix Â for various
co-clustering bases can be obtained from [2]. For Euclidean divergence, Step 2b. and
2c. of Algorithm 1 use dφ(Aij , Âij) = (Aij − Âij)2. For I-divergence, Step 2b. and 2c.
of Algorithm 1 use dφ(Aij , Âij) = Aij ∗ log(Âij/Aij) − Aij + Âij

In the above sequential algorithm (Algorithm 1), we notice two important steps - a)
Calculating the matrix averages, and, b) updating the row and column cluster assign-
ments. Further, given the matrix averages, row and column cluster updates can be done
independently, and row updates themselves can be done in parallel.

4 Optimized Distributed Co-clustering Algorithm

For multi-core cluster architectures, one can utilize the available intra-node parallelism
along with inter-node parallelism to get highly scalable distributed co-clustering algo-
rithm. Let, c be the number of cores (threads) per node in the distributed architecture,
referred to as T1 . . . Tc. These cores (threads) per node can be used to obtain computa-
tion communication overlap as well pipelining across the iterations in the distributed al-
gorithm. This can significantly reduce the communication bottlenecks of the algorithm.
Algorithm 2 presents the distributed algorithm with these performance optimizations.
The while loop executes iterations until the RMSE value converges to within a given
error bound. Within each iteration the following steps (Step5..Step10) get executed. In
Step 5., threads (T2 . . . Tc) compute the partial contribution to row-cluster averages,
ARC

gj ; while simultaneously, thread T1, performs MPI Allgather to get the column-
cluster membership (γ). Thus, (intra-iteration) computation communication overlap is
achieved which leads to improved performance. Similarly, computation communication
overlap is achieved in the following steps. In Step 6., threads (T2 . . . Tc) compute the
partial contribution to column-cluster averages, ACC

ih ; while simultaneously, thread T1,
performs MPI Allreduce to compute the row-cluster averages ARC

gj . In Step 7., threads
(T2 . . . Tc) compute the partial contribution to co-cluster averages, ACOC

gh ; while si-
multaneously, thread T1, performs MPI Allreduce to compute the column-cluster aver-
ages ACC

ih . In Step 8., threads (T2 . . . Tc) compute the partial Âij values using ACC
ih

and ARC
gj ; while simultaneously, thread T1, performs MPI Allreduce to compute the

co-cluster averages ACOC
gh . In Step 9., all threads (T1 . . . Tc) in a node, compute final

row-cluster memberships for all the rows that are owned by that node. In Step 10.,
threads (T2 . . . Tc) compute final column-cluster memberships while simultaneously,
thread T1, performs MPI Allgather to get the row-cluster memberships from all other
nodes.

In order to reduce the communication cost, the nodes are divided into groups, each
group having the same number of nodes. A small constant number of nodes in each
group act as Steiner nodes and help in inter-group communication. So, each communi-
cation step in Algorithm 2 is broken into two phases: (a) Intra-group communication,
followed by (b) Inter-group communication using the Steiner nodes. Since, the com-
munication group sizes are significantly reduced by using this grouping strategy, the
communication cost goes down thus improving the scalability of the distributed al-
gorithm. Further, to ensure non-overlap, across any two groups, of their intra-group
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communication, we use topology mapping to map each group onto a plane in the 3D
Torus Interconnect architecture of Blue Gene/P. This leads to further decrease in the
communication time.

5 Parallel Time Complexity Analysis

In this section, we establish theoretically, the performance and scalability advantage of
our optimized distributed algorithm. Refer notation given in Table 5.

The distributed algorithm described in section 2 takes a certain number of iterations,
say I . In each iteration the rows are assigned to row clusters and columns are assigned
to column clusters. Each iteration has multiple steps. In Step 5., the thread T1 of all
nodes communicate using all-gather operation to aggregate column to column-cluster
mapping information. This communication time is given by: O(S0+(n/B0)∗ log(P0)).
Simultaneously, threads T2 . . . Tc of each node compute partial contributions of each
node towards ARC

gj . This computation time is O(mn/(P0.c)). The overall time for Step
5. is given by max(O(S0 + (n/B0) ∗ log(P0)), mn/(P0.c)). Assuming, that compute
time dominates, the time complexity for Step 5. can be approximated by O(mn/(P0∗c)).

In Step 6., the thread T1 of all nodes communicate using all-reduce operation to
compute the row-cluster averages ARC

gj . This communication time is given by: O(S0 +
(mn/B0) ∗ log(P0)). Simultaneously, threads T2 . . . Tc of each node compute partial
contributions of each node towards ACC

ih . This computation time is O(mn/(P0.c)).
Thus, the overall time for Step 6. is given by max(O(S0 + (mn/B0) ∗ log(P0)),
mn/(P0.c)). Assuming, that the communication time dominates, the time complex-
ity for Step 6. can be approximated by O(S0 +(mn/B0)∗ log(P0)). Similarly, the time
complexity for Step 7. can be approximated by O(S0 + (mn/B0) ∗ log(P0)).

In Step 8., the thread T1 of all nodes communicate using all-reduce operation to
compute the co-cluster averages ACOC

gh . This communication time is given by: O(S0 +
(kl/B0)∗ log(P0)). Simultaneously, threads T2 . . . Tc of each node compute partial val-
ues for assignment of each row (and column) to k possible row-clusters (and l possible
column-clusters). This computation time is O(mns ∗ (k + l)/(P0.c)). Thus, the overall
time for Step 8. is given by max(O(S0 + (kl/B0) ∗ log(P0)), mns ∗ (k + l)/(P0.c)).
Assuming that the compute time dominates, the time complexity for Step 8. can be ap-
proximated by O(mns∗(k+ l)/(P0.c)). In a similar fashion, the compute time for Step
9. is O(mns ∗ (k + l)/(P0 ∗ c)). Assuming that the compute time dominates Step 10.,
its time complexity can be approximated by O(mns ∗ (k + l)/(P0 ∗ c)).

Thus, the overall time complexity for the hybrid distributed co-clustering algorithm
, per iteration, is given by:

Th(m, n, P0) = O((mn/P0 ∗ c) + S0 + (mn/B0) ∗ log(P0)+
mns ∗ (k + l)/(P0 ∗ c))

(2)

One can observe, that an MPI only (algorithm referred to as base algorithm), which
does not have computation communication overlap, has run time around c× higher as
compared to the hybrid Algorithm 2. This is so, because the hybrid algorithm achieves
effective overlap between computation and communication in most of the steps of the
algorithm and utilizes c available cores per node to get higher performance, while the
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Algorithm 2. Distributed (Hybrid - MPI+OMP) Static Training via Co-Clustering
Input: Ratings Matrix (A), Non-zeros matrix (W ), No. of row clusters (l), No. of column clus-

ters (k).
Output: Locally optimal co-clustering (ρ,γ) and averages ACOC

gh ,ARC
gj ,ACC

ih .
Data Distribution: (Each node has total c threads - {T1 . . . Tc})
1. Each node p gets mp = m/P0 rows and np = n/P0 columns.
2. Further, threads T1 . . . Tc of each node p, each get mp′ rows (i.e, a mp′ × n submatrix) and
np′ columns (i.e, a m × np′ submatrix, where m′

p =
mp

Tc
and n′

p =
np

Tc
.

Method:
1. Each Ti, i ∈ [1..c] : Randomly initialize (ρp

i ,γp
i )

2. T1 : Gather all the row and column sums/weights SR
i , SC

j , W R
i , W C

j ∀i, j from the other
nodes using MPI Allgather.

3. T1 . . . Tc : Calculate all row and column averages AR
i =

SR
i

W R
i

and AC
j .

(Note that Step 2 and Step 3 can be executed in parallel)
4. T1: Gather the global Row-cluster membership (ρ) by concatenating (ρp) using MPI Allgather.

while RMSE value has not converged, Each thread in a node does the following do
5. T2 . . . Tc : Calculate the partial contributions to Row-Cluster Averages ARC

gj

T1 : Gather the global Column-cluster membership (γ) by concatenating (γp) using
MPI Allgather.

6. T2 . . . Tc : Calculate the partial contribution to Column-Cluster Averages ACC
ih

T1: Do MPI AllReduce to compute the global row-cluster averages ARC
gj

7. T2 . . . Tc : Calculate the contribution of the local rows and columns to the co-cluster
sums/weights i.e, SCOC

p and W COC
p .

T1: Do MPI AllReduce to compute the global col-cluster averages ARC
ih

8. T1:Do an MPI AllReduce on above contributions and get the global co-cluster
sums/weights SCOC , W COC and calculate ACOC .
T2 . . . Tc : Partially compute ÂR(i, j, g), ÂC(i, j, h) the local row cluster and column
cluster assignment steps for each choice of assignment g,h

9. T1 . . . Tc : Update all the local row cluster assignments ρp by first updating ÂR(i, j, g)
with the co-cluster averages to generate Âij

ρp(i) = argmin
1≤g≤k

∑n
j=1 wijdφ(Aij , Âij), i : rows owned by node p

10. T0 : Gather the global Row-cluster membership (ρ) by concatenating (ρp) using
MPI Allgather.
T1 . . . T3: Update all the local column cluster assignments γp by first updating ÂC(i, j, h)
with the cocluster averages to generate Âij

γp(i) = argmin
1≤h≤l

∑m
i=1 wijdφ(Aij , Âij), j : cols owned by node p

end
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Table 1. Notation

Symbol Definition
P0 Total number of nodes for computation
c Number of threads (cores) per node

(m,n) Number of rows and columns in the input matrix
s Sparsity factor of the matrix

(k, l) Number of row and column clusters respectively
(m/k) Average number of rows per row cluster
n/l Average number of columns per column cluster
B0 Interconnect Bandwidth for AllReduce / Allgather operation
S0 Setup cost for AllReduce / Allgather operation

MPI only (base) algorithm performs all the computation and communication steps se-
quentially. Further, the load-imbalance across the nodes is reduced, by factor c, in the
hybrid algorithm as compared to the base algorithm. Assuming, γ as the load-imbalance
factor for the base algorithm, the training time for the base algorithm gets magnified by
the factor, (1 + γ). For the same data distribution, the hybrid algorithm will have load
imbalance of (1 + γ/c) and hence a lower magnification factor in its training time.
Thus, in the best case, this leads to O(c2 ∗ (1+γ)

(c+γ) ) performance gain of hybrid vs. base
algorithm.

5.1 Optimum Thread Distribution

In a general case, one can optimize the communication by providing more than one
thread for communication. We study this general communication optimization tech-
nique in this section and determine the optimum number of threads to achieve best
performance.

Let r be the number of threads (cores) that are devoted to computation per step, while
the remaining (c− r) threads (cores), perform communication per step. When, multiple
threads are used for communication, we assume that it takes x steps to complete one
communication task across all nodes. In this case, the time complexity of the hybrid
distributed co-clustering algorithm is given by:

Th(m, n, r, P0) = O((mn/P0 ∗ r) + (S0 + (mn/B0) ∗ log(P0)) ∗ (2x/(c − r))+
3mns ∗ (k + l)/(P0 ∗ r))

(3)

Differentiating the above expression for Th(m, n, r, P0) with respect to r, and setting it
to zero, we can determine the optimum number of threads to be used for computation
per node. We get the following quadratic equation to determine the optimum r:

2xP0 ∗ (S0 + mn/B0 ∗ log(P0)) ∗ r2 = (mn + 3mns ∗ (k + l)) ∗ (c2 + r2 − 2cr)
(4)
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Solving, the optimum value of r is given by:

r∗ =

√
(4c2Z2 + 8c2xP0Y ) − 2cZ

2 ∗ (2xP0Y − Z)
, where,

Y = S0 + mn/B0 ∗ log(P0), and, Z = mn + 3mns(k + l)
(5)

6 Results and Analysis

The hybrid distributed algorithm was implemented using MPI and OpenMP, while the
base distributed algorithm was implemented using only MPI. The Netflix Prize dataset
was used to evaluate and compare the performance and scalability of these distributed
co-clustering algorithms. The experiments were performed on the Blue gene/P (MPP)
architecture. Each node in Blue Gene/P is a quad-core chip with frequency of 850 MHz
having 2 GB of DRAM and 32 KB of L1 cache per core. Blue Gene/P has the following
major interconnects:(a) 3D-Torus interconnect which provides 3.4 Gbps per link on
each of the 12 links per node (total 5.1 GBps per node), and, (b) Collective Network that
provides 6.8 Gbps per link. MPI was used across the nodes for communication, while
within each node OpenMP was used to parallelize the computation and communication
amongst the four cores. For all the experiments, we obtained RMSE in the range 0.87±
0.02 on the data. Below, k refers to the number of row clusters generated while l refers
to the number of column clusters generated. Netflix data was used for evaluation of the
distributed algorithms. For Netflix, the number of rows, m, is around 480K; the number
of columns, n, is 17, 770, and the sparsity factor, s is around 85. We present the strong,
weak and data scalability analysis of the training phase for both Euclidean divergence
and I-divergence based co-clustering.

6.1 Strong Scalability

For strong scalability, we used the full Netflix data for each experiment, while increas-
ing the number of nodes, from 64 to 1024. Fig. 1(a) illustrates that the hybrid algorithm
(for Euclidean divergence) has consistently better performance over the base algorithm:
5.1× better than the base when P0 = 32 and 2.1× better at P0 = 1024. Here, the hybrid
algorithm has more than (c = 4)× better performance than the base algorithm due to
reduction in load-imbalance as explained in Section 5. In the hybrid algorithm, as the
number of nodes increases from 32 to 1024, the compute time decreases by 26× while
the communication time remains almost the same, this leads to overall 4× decrease in
total training time with 32× increase in the number of nodes(P0). Fig. 1(b) illustrates
the performance gain of the hybrid algorithm over the base algorithm for I-divergence.
Here, the performance gain of hybrid vs base decreases from 3.2× for P0 = 32 nodes to
1.25× for P0 = 1024 nodes. By using more efficient load balancing techniques, the per-
formance of the hybrid (MPI+OpenMP) algorithm can be improved further. Moreover,
by using the optimum number of cores for communication using the formula specified
in the Section 5.1, one can get better overall performance. Further, for I-divergence, the
gain for the hybrid algorithm from the decrease in inter-node load-imbalance is offset
by the loss from intra-node load-imbalance amongst the threads. Hence, in case of I-
divergence the gain of the hybrid algorithm over the base algorithm is not as large as in
the Euclidean divergence.
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Strong Scalability (Euclidean Div.): k=16,l=16
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Fig. 1. Strong Scalability: (a) Euclidean divergence. (b) I-divergence

6.2 Weak Scalability

Fig. 2(a) displays the weak scalability for Euclidean distance based co-clustering as the
number of nodes (P0) increases from 32 to 1024 and the training data increases from
3.125% to 100% of the full Netflix dataset (with k = 16, l = 16). Here, the hybrid
algorithm performs consistently better compared to the base algorithm: 3.61× better
at P0 = 32 and 2.1× better at P0 = 1024. The total time for the hybrid algorithm
increases by 8.67× as the number of nodes increase from 32 to 1024. This is due to the
compute time increase by 2.91× and also increase in load imbalance. Fig. 2(b) illus-
trates the weak scalability of the hybrid algorithm for I-divergence: with 32× increase
in the data and number of nodes, the training time only increases by 6.13×. Further, the
hybrid algorithm performs consistently better than the base algorithm.

6.3 Data Scalability

Fig. 3(a) displays the data scalability for Euclidean distance based co-clustering as the
training data increases from 6.25% to 100% of the full Netflix dataset, while P0 = 1024.

Weak Scalability (Euclidean Div.) : k=16,l=16
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Fig. 2. Weak Scalability: (a) Euclidean divergence. (b) I-divergence
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The training time for the hybrid algorithm increases by 8.55× with 16× increase in
data, while that for the base algorithm increases by 11.3×. Thus, the hybrid algorithm
shows better than linear data scalability and also better data scalability as compared to
the base algorithm. The hybrid algorithm also performs better than the base by 1.58× at
P0 = 32 and 2.1× better at P0 = 1024. Fig. 3(b) illustrates the data scalability for the
hybrid algorithm with I-divergence as the training time increases only by 14.8× with
16× increase in data, while the number of nodes is kept constant at P0 = 1024.

Data Scalability (Euclidean Div.) : k=16,l=16, P0 = 1024
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Fig. 3. Data Scalability: (a)Euclidean divergence. (b) I-divergence

7 Conclusions and Future Work

Real-time collaborative filtering with high prediction accuracy is a computationally
challenging problem. We have presented the design of a novel distributed co-clustering
based Collaborative Filtering algorithm. Our algorithm demonstrates soft real-time (less
than 10 sec.) performance over highly sparse massive data sets. Using pipelined paral-
lelism and compute communication overlap optimizations our hybrid (MPI+OpenMP)
algorithm outperforms all known prior results for CF while maintaining high accu-
racy. Theoretical time complexity analysis proves the scalability of our algorithm. We
demonstrated soft real-time parallel CF using the Netflix Prize dataset on Blue Gene/P
architecture. We delivered the best known training time of around 6s for the full Netflix
dataset and the best known prediction of 1.78us per prediction (rating) for 1.4M ratings
with high prediction accuracy (RMSE value of 0.87 ± 0.02). This training time is 20×
(more than one order of magnitude) better than the best known parallel training time.
We also demonstrated strong, weak and data scalability for multi-core cluster architec-
tures. In future, we intend to investigate performance analysis using queuing theoretic
models for large scale systems.
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