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3
We consider the problem of low-rank approximation of massive dense nonnegative tensor data, for ex- 4
ample, to discover latent patterns in video and imaging applications. As the size of data sets grows, sin- 5
gle workstations are hitting bottlenecks in both computation time and available memory. We propose a 6
distributed-memory parallel computing solution to handle massive data sets, loading the input data across 7
the memories of multiple nodes, and performing efficient and scalable parallel algorithms to compute the 8
low-rank approximation. We present a software package called Parallel Low-rank Approximation with Non- 9
negativity Constraints, which implements our solution and allows for extension in terms of data (dense or 10
sparse, matrices or tensors of any order), algorithm (e.g., from multiplicative updating techniques to al- 11
ternating direction method of multipliers), and architecture (we exploit GPUs to accelerate the computa- 12
tion in this work). We describe our parallel distributions and algorithms, which are careful to avoid un- 13
necessary communication and computation, show how to extend the software to include new algorithms 14
and/or constraints, and report efficiency and scalability results for both synthetic and real-world data
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1 INTRODUCTION25

The CP decomposition [11, 23], which is also known as CANDECOMP, PARAFAC, and canonical26
polyadic decomposition, approximates a tensor, or multidimensional array, by a sum of rank-one27
tensors. CP is typically used to identify latent factors in data, particularly when the goal is to in-28
terpret those hidden patterns, and it is popular within the signal processing, machine learning,29
and scientific computing communities, among others [1, 21, 38, 56]. Enforcing domain-specific30
constraints on the computed factors can help to identify interpretable components. We focus in31
this article on nonnegative dense tensors (when all tensor entries are nonnegative and nearly32
all of them are positive) and on constraining solutions to have nonnegative entries. Formally,33
Nonnegative CP (NCP)1 can be defined as34

min
H(i )�0

������X −
R∑

r=1

H(1) (:, r ) ◦ · · · ◦ H(N ) (:, r )
������

2

(1)

for a fixed R, where H(1) (:, i ) ◦ · · · ◦ H(N ) (:, i ) is the outer product of the ith vector from all the N35

factors that yields a rank-one tensor and
∑R

r=1 H(1) (:, r ) ◦ · · · ◦ H(N ) (:, r ) results in a sum of R rank-36
one tensors that approximate the N th order nonnegative input tensor X. For example, in imaging37
and microscopy applications, tensor values often correspond to intensities, and NCP can be used38
to cluster and analyze the data in a lower-dimensional space [27]. In this work, we consider a brain39
imaging data set that tracks calcium fluorescence within pixels of a mouse’s brain over time during40
a series of experimental trials [37].41

The kernel computations within standard algorithms for computing NCP can be formulated as42
matrix computations, but the complicated layout of tensors in memory prevents the straightfor-43
ward use of BLAS and LAPACK libraries. In particular, the matrix formulation of subcomputations44
involve different views of the tensor data, so no single layout yields a column- or row-major matrix45
layout for all subcomputations. Likewise, the parallelization approach for tensor methods is not a46
straightforward application of parallel matrix computation algorithms.47

In developing an efficient parallel algorithm for computing a NCP of a dense tensor, the key is48
to parallelize the bottleneck computation known as Matricized-Tensor Times Khatri-Rao Product49
(MTTKRP) [2], and a different result is required for each mode of the tensor. The MTTKRP for50
mode n, for 1 � n � N , is defined as51

M(n) = X(n)

(
H(N ) � · · · � H(n+1) � H(n−1) � · · · � H(1)

)
,

where X(n) is a matricization or flattening of the tensor with respect to mode n and � is the Khatri-52
Rao product, or column-wise Kronecker product [2, 38]. The parallelization must load balance the53
computation, minimize communication across processors, and distribute the results so that the54
rest of the computation can be performed independently. In our algorithm, not only do we load55
balance the computation, but we also compute and store temporary values that can be used across56
MTTKRPs of different modes using a technique known as dimension trees, significantly reducing57
the computational cost compared to standard approaches. Our parallelization strategy also avoids58

1In this article, we use NCP and Nonnegative Tensor Factorization (NTF) interchangeably.
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communicating tensor entries and minimizes the communication of factor matrix entries, helping 59
the algorithm to remain computation bound and scalable to high processor counts. 60

We employ a variety of algorithmic strategies to computing NCP, from multiplicative updates to 61
alternating direction method of multipliers. Because the bottleneck computations such as MTTKRP 62
are shared by all update algorithms that compute gradient information, we separate the paralleliza- 63
tion strategy for those computations from the (usually local) computations that are unique to each 64
algorithm. In this article, we present an open-source software package called Parallel Low-rank 65
Approximation with Nonnegativity Constraints (PLANC) that currently includes six algo- 66
rithmic options, and we describe how other algorithms can be incorporated into the framework. 67
PLANC can also be used for nonnegative matrix factorization (NMF) with dense or sparse 68
matrices. The software is available at https://github.com/ramkikannan/planc. 69

An earlier version of this work appeared as a conference paper [3], which presents the paral- 70
lelization strategy described in Section 4.1 and the dimension tree optimization detailed in Sec- 71
tion 4.2. We summarize the further contributions of this article as follows: 72

• presentation and description of the open-source PLANC software package, 73
• utilization of GPUs to alleviate the MTTKRP bottleneck achieving up to 7× speedup over 74

CPU-only execution, 75
• scaling results for runs from 1 to 16,384 nodes (250,000+ cores) on the Titan supercomputer, 76
• side by side run-time and convergence results for various update algorithms, 77
• and new results obtained by applying our code to a mouse brain imaging data set. 78

2 PRELIMINARIES 79

2.1 Notation 80

Tensors will be denoted using Euler script (e.g., T), matrices will be denoted with uppercase bold- 81
face (e.g., M), vectors will be denoted with lowercase boldface (e.g., v), and scalars will not be 82
boldface (e.g., s). We use Matlab style notation to index into tensors, matrices, and vectors, and we 83
use 1-indexing. For example, M(:, c ) gives the cth column of the matrix M. 84

We use ◦ to denote the outer product of two or more vectors. The Hadamard product is the 85
element-wise matrix product and will be denoted using ∗. The Khatri-Rao product, abbreviated 86
KRP, will be denoted with �. Given matrices A and B that are IA × R and IB × R, the KRP K = A � B 87
is IAIB × R. It can be thought of as a row-wise Hadamard product, where K(i + IA (j−1), :) = 88
A(i, :) ∗ B(j, :), or a column-wise Kronecker product, where K(:, c ) = A(:, c ) ⊗ B(:, c ). 89

The CP decomposition of a tensor (also referred to as the CANDECOMP/PARAFAC or canonical 90
polyadic decomposition) is a low-rank approximation of a tensor, where the approximation is a 91
sum of rank-one tensors and each rank-one tensor is the outer product of vectors. We use the 92
notation 93

X ≈ �H(1), . . . ,H(N )� =
R∑

r=1

H(1) (:, r ) ◦ · · · ◦ H(N ) (:, r )

to represent a rank-R CP model, where H(n) is called a factor matrix and collects the mode-n vectors 94
of the rank-one tensors as columns. The columns of the factor matrices are often normalized, 95
with weights collected into an auxiliary vector λ of length R; in this case, we use the notation 96

�λ; H(1), . . . ,H(N )�. 97
An NCP constrains the factor matrices to have nonnegative values. In this work, we are inter- 98

ested in NCP models that are good approximations to X in the least-squares sense. That is, we 99
seek 100

min
H(i )�0

‖X − �λ; H(1), . . . ,H(N )�‖,
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Fig. 1. CP Decomposition.

where the tensor norm is a generalization of the matrix Frobenius or vector 2-norm, the square101
root of the sum of squares of the entries. Here X is a tensor with dimensions I1 × ... × IN . We102
denote the product of its dimensions by I , that is I =

∏
In .103

The nth mode matricized tensor denoted by X(n) is a In × I/In matrix formed by organizing104
the nth mode fibers of X into the columns of a matrix. The Matricized-Tensor Times Khatri-Rao105
Product or MTTKRP will be central to this work and takes the form M(n) = X(n)K

(n) , where K(n) =106

H(N ) � · · · � H(n+1) � H(n−1) � · · · � H(1) .107

2.2 Nonnegative CP and Alternating-Updating Methods108

The CP decomposition is a low-rank approximation of a multi-dimensional array, or tensor, which109
generalizes matrix approximations like the truncated singular value decomposition. As in Figure 1,110
CP decomposition approximates the given input matrix as sum of R rank-1 tensors.111

Algorithm 1 shows the pseudocode for an alternating-updating algorithm applied to NCP [35].112
Lines 11, 12, and 14 compute matrices involved in the gradients of the subproblem objective func-113
tions, and Line 13 uses those matrices to update the current factor matrix.114

The nonnegative least-squares (NLS)-Update in Line 13 can be implemented in different115
ways. In a faithful Block Coordinate Descent (BCD) algorithm, the subproblems are solved116
exactly; in this case, the subproblem is a nonnegative linear least-squares problem, which is con-117
vex. We can use the Block Principal Pivoting (BPP) method [35, 36], which is an active-set-like118
method, to solve the subproblem exactly.119

However, as discussed by Kannan et al. [29] for the matrix case, there are other reasonable alter-120
natives to updating the factor matrix without solving the N -block coordinate descent subproblem121
exactly. For example, we can more efficiently update individual columns of the factor matrix as122
is done in the Hierarchical Alternating Least Squares (HALS) method [14]. In this case, the123
update rule is124

H(n) (:, r ) ←
[
H(n) (:, r ) +M(n) (:, r ) − (H(n)S(n) ) (:, r )

]
+
,

which involves the same matrices M(n) and S(n) as BPP. Other possible alternating-updating meth-125
ods include Alternating-Optimization Alternating Direction Method of Multipliers (AO-126
ADMM) [25, 58] and Nesterov-based algorithms [43]. The details of each of these algorithms are127
presented in Section 4.3. The parallel algorithm presented in this article is generally agnostic to128
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ALGORITHM 1: �H(1), . . . ,H(N )� = NCP(X,R)

Require: X is I1 × · · · × IN tensor, R is approximation rank
1: % Initialize data

2: for n = 2 to N do

3: Initialize H(n)

4: G(n) = H(n)TH(n)

5: end for

6: % Compute NCP approximation

7: while stopping criteria not satisfied do

8: % Perform outer iteration

9: for n = 1 to N do

10: % Compute new factor matrix in nth mode

11: M(n) = MTTKRP(X, {H(1), . . . ,H(n−1),H(n+1), . . . ,H(N ) },n)
12: S(n) = G(1) ∗ · · · ∗ G(n−1) ∗ G(n+1) ∗ · · · ∗ G(N )

13: H(n) = NLS-Update(S(n),M(n) )
14: G(n) = H(n)TH(n)

15: end for

16: end while

Ensure: X ≈ �H(1), . . . ,H(N )�

the approach used to solve the nonnegative least squares subproblems, as all these methods are 129
bottlenecked by the subroutine they have in common, the MTTKRP. 130

2.3 Parallel Communication Model 131

To analyze our algorithms, we use the α-β-γ model of distributed-memory parallel computation. 132
In this model, interprocessor communication occurs in the form of messages sent between two 133
processors across a bidirectional link (we assume a fully connected network). We model the cost 134
of a message of size n words as α + nβ , where α is the per-message latency cost and β is the per- 135
word bandwidth cost. Each processor can compute floating point operations (flops) on data that 136
resides in its local memory; γ is the per-flop computation cost. With this communication model, 137
we can predict the performance of an algorithm in terms of the number of flops it performs as 138
well as the number of words and messages it communicates. For simplicity, we will ignore the 139
possibilities of overlapping computation with communication in our analysis. For more details on 140
the α-β-γ model, see the articles by Thakur et el. [63] and Chan et al. [12]. 141

2.4 MPI Collectives 142

Point-to-point messages can be organized into collective communication operations that involve 143
more than two processors. MPI provides an interface to the most commonly used collectives like 144
broadcast, reduce, and gather, as the algorithms for these collectives can be optimized for partic- 145
ular network topologies and processor characteristics. Chan et al. [12, Figure 1] provide a concise 146
description of the most common collectives. The algorithms we consider use the all-gather, reduce- 147
scatter, and all-reduce collectives, so we review them here, along with their costs. Our analysis 148
assumes optimal collective algorithms are used [12, 63], though our implementation relies on the 149
underlying MPI implementation. 150

At the start of an all-gather collective, each of p processors owns data of size n/p. After the 151
all-gather, each processor owns a copy of the entire data of size n. The cost of an all-gather is 152

α · logp + β · p−1
p
n. At the start of a reduce-scatter collective, each processor owns data of size n. 153
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After the reduce-scatter, each processor owns a subset of the sum over all data, which is of size154
n/p. This single collective is a more efficient way of implementing a reduce followed by a scatter.155
(Note that the reduction can be computed with other associative operators besides addition.) The156

cost of an reduce-scatter is α · logp + (β + γ ) · p−1
p
n. At the start of an all-reduce collective, each157

processor owns data of size n. After the all-reduce, each processor owns a copy of the sum over all158

data, which is also of size n. The cost of an all-reduce is 2α · logp + (2β + γ ) · p−1
p
n. Note that the159

costs of each of the collectives are zero when p = 1.160

3 RELATED WORK161

The formulation of NCP with least squares error and algorithms for computing it go back as far162
as the 1990s [50, 68], developed in part as a generalization of nonnegative matrix factorization163
algorithms [40] to tensors. Sidiropoulos et al. [56] provide a more detailed and complete survey164
that includes basic tensor factorization models with and without constraints, broad coverage of165
algorithms, and recent driving applications. The mathematical tensor operations discussed and166
the notation used in this article follow Kolda and Bader’s survey [38].167

Many numerical methods have been developed for the NLS subproblems that arise in NLS.168
Broadly these methods can be divided into projection-based and active-set-based methods.169
Projection-based methods are iterative methods that consist of gradient descent and Newton-type170
algorithms that exploit the fact that the objective function is differentiable and the nonnegative171
projection operator is easy to compute [15, 22, 34, 44, 47]. Active-set-like methods explicitly parti-172
tion the variables into zeros and non-zeros. Once the final partition is known the NLS problem can173
be solved via a simpler unconstrained least-squares problem [10, 36, 39, 65]. We direct the reader174
to the survey by Kim et al. [35] for a more in-depth discussion on these methods.175

Recently, there has been growing interest in scaling tensor operations to bigger data and more176
processors in both the data mining/machine learning and the high performance computing com-177
munities. For sparse tensors, there have been parallelization efforts to compute CP decompositions178
on shared-memory platforms [41, 60], distributed-memory platforms [32, 33, 59], and GPUs [48,179
49, 62], and these approaches can be generalized to constrained problems [58].180

Liavas et al. [42] extend a parallel algorithm designed for sparse tensors [59] to the 3D dense181
case. They use the “medium-grained” dense tensor distribution and row-wise factor matrix dis-182
tribution, which is exactly the same as our distribution strategy (see Section 4.1.2), and they use183
a Nesterov-based algorithm to enforce the nonnegativity constraints. A similar data distribution184
and parallel algorithm for computing a single dense MTTKRP computation is proposed by Ballard,185
Knight, and Rouse [4]. Another approach to parallelizing NCP decomposition of dense tensors is186
presented by Phan and Cichocki [52], but they use a dynamic tensor factorization, which performs187
different, more independent computations across processors. Moon et al. [48] address the data lo-188
cality optimizations needed during the NLS phase of the algorithm for both shared memory and189
GPU systems. Ma and Solomonik [45] and Singh et al. [57] compute unconstrained CP decomposi-190
tions using the Cyclops Tensor Framework [61] as a backend for parallel dense tensor contractions.191
The former uses a pairwise perturbation technique to approximate MTTKRP computations within192
ALS, and the latter applies a direct optimization technique based on Gauss-Newton.193

The idea of using dimension trees (discussed in Section 4.2) to avoid recomputation within MT-194
TKRPs across modes is introduced in Reference [53] for computing the CP decomposition of dense195
tensors. General reuse patterns and mode splitting were present in earlier works on variants of the196
Tucker Decomposition [6, 20]. It has also been used for sparse CP [33, 41] and sparse Tucker [32].197

An alternate approach to speeding up CP computations is by reducing the tensor size either via198
sampling or compression. A large body of work exists for randomized tensor methods [7, 16, 51,199
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67], which are recently being extended to the constrained problem [17, 19]. The approach to reduce 200
the tensor size is to first compress the tensor using a different decomposition, like Tucker, and then 201
compute CP on this reduced array. This method has been discussed in further detail by Bro and De 202
Jong [9] and Thomasi and Bro [64], but it becomes more difficult to impose nonnegative constraints 203
on the overall model. A separate approach is to compute the (constrained) CP decomposition of 204
the entire approximation, rather than only the core tensor, exploiting the structure of the Tucker 205
model to perform the optimization algorithm more efficiently [66]. 206

4 ALGORITHMS 207

4.1 Parallel NCP Algorithm 208

ALGORITHM 2: �H(1), . . . ,H(N )� = Par-NCP(X,R)

Require: X is an I1 × · · · × IN tensor distributed across a P1 × · · · × PN grid of P processors, so
that Xp is (I1/P1) × · · · × (IN /PN ) and is owned by processor p = (p1, . . . ,pN ), R is rank of
approximation

1: for n = 2 to N do

2: Initialize H
(n)
p of dimensions (In/P ) × R

3: G = Local-SYRK(H(n)
p )

4: G(n) = All-Reduce(G,All-Procs)

5: H
(n)
pn
= All-Gather(H(n)

p , Proc-Slice(n,pn ))
6: end for

7: % Compute NCP approximation

8: while not converged do

9: % Perform outer iteration

10: for n = 1 to N do

11: % Compute new factor matrix in nth mode

12: M = Local-MTTKRP(Xp, {H(1)
p1
, . . . ,H

(n−1)
pn−1
,H

(n+1)
pn+1
, . . . ,H

(N )
pN
},n)

13: M
(n)
p = Reduce-Scatter(M, Proc-Slice(n,pn ))

14: S(n) = G(1) ∗ · · · ∗ G(n−1) ∗ G(n+1) ∗ · · · ∗ G(N )

15: H
(n)
p = NLS-Update(S(n),M

(n)
p )

16: % Organize data for later modes

17: G = H
(n)
p

T
H

(n)
p

18: G(n) = All-Reduce(G,All-Procs)

19: H
(n)
pn
= All-Gather(H(n)

p , Proc-Slice(n,pn ))
20: end for

21: end while

Ensure: X ≈ �H(1), . . . ,H(N )�
Ensure: Local matrices: H

(n)
p is (In/P ) × R and owned by processor p = (p1, . . . ,pN ), for 1 � n �

N , λ stored redundantly on every processor

4.1.1 Algorithm Overview. The basic sequential algorithm is given in Algorithm 1, and the par- 209
allel version is given in Algorithm 2. In Algorithm 2, we will refer to both the inner iteration, 210
in which one factor matrix is updated (Lines 10–20), and the outer iteration, in which all factor 211
matrices are updated (Lines 8–21). In the parallel algorithm, the processors are organized into a 212
logical multidimensional grid (tensor) with as many modes as the data tensor. The communication 213
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patterns used in the algorithm are MPI collectives: All-Reduce, Reduce-Scatter, and All-Gather.214
The processor communicators (across which the collectives are performed) include the set of all215
processors and the sets of processors within the same processor slice. Processors within a mode-n216
slice all have the same nth coordinate. Each processor is part of N different Proc-Slice communi-217
cators, which we denote by Proc-Slice(n,pn ), where n refers to the mode and pn refers to the nth218
processor coordinate (i.e., the pnth processor slice in mode n).219

The method of enforcing the nonnegativity constraints of the linear least-squares solve or up-220
date generally affects only local computation, because each row of a factor matrix can be updated221
independently. In our algorithm, each processor solves the linear problem or computes the update222
for its subset of rows (see Line 15). The most expensive (and most complicated) part of the parallel223
algorithm is the computation of the MTTKRP, which corresponds to Lines 12, 13, and 19.224

The details that are omitted from this presentation of the algorithm include the normalization225
of each factor matrix after it is computed and the computation of the residual error at the end of an226
outer iteration. These two computations do involve both local computation and communication,227
but their costs are negligible. We discuss normalization and error computation and give more228
detailed pseudocode in Algorithm 4 (Appendix B).229

4.1.2 Data Distribution. Given a logical processor grid of processors P1 × · · · × PN , we distrib-230
ute the size I1 × · · · × IN tensor X in a block or Cartesian partition. Each processor owns a local231
tensor of dimensions (I1/P1) × · · · × (IN /PN ), and only one copy of the tensor is stored. Locally,232
the tensor is stored linearly, with entries ordered in a natural mode-descending way that gener-233
alizes column-major layout of matrices. Given a processor p = (p1, . . . ,pN ), we denote its local234
tensor Xp.235

Each factor matrix is distributed across processors in a block row partition, so that each pro-236

cessor owns a subset of the rows. We use the notation H
(n)
p , which has dimensions In/P × R, to237

denote the local part of the nth factor matrix stored on processor p. However, we also make use238
of a redundant distribution of the factor matrices across processors, because all processors in a239

mode-n processor slice need access to the same entries of H(n) to perform their computations. The240

notation H
(n)
pn

denotes the In/Pn × R submatrix of H(n) that is redundantly stored on all processors241

whose nth coordinate is pn (there are P/Pn such processors).242

Other matrices involved in the algorithm include M
(n)
p , which is the result of the MTTKRP243

computation and has the same distribution scheme as H
(n)
p , and G(n) , which is the R × R Gram244

matrix of the factor matrix H(n) and is stored redundantly on all processors.245

4.1.3 Inner Iteration. The inner iteration is displayed graphically in Figure 2 for a three-way246
example and an update of the second factor matrix. The main idea is that at the start of the nth247
inner iteration (Figure 2(a)), all of the data is in place for each processor to perform a local MT-248
TKRP computation, which can be computed using a dimension tree as described in Section 4.2.249
This means that all processors in a slice redundantly own the same rows of the corresponding250
factor matrix (for all modes except n). After the local MTTKRP is computed (Figure 2(b)), each251

processor has computed a contribution to a subset of the rows of the global MTTKRP M(n) , but252
its contribution must be summed up with the contributions of all other processors in its mode-n253
slice (denoted Proc-Slice(n,pn ) in Line 13 of Algorithm 2). This summation is performed with a254
Reduce-Scatter collective across the mode-n processor slice that achieves a row-wise partition of255

the result (in Figure 2(c), the light gray shading corresponds to the rows of M(2) to which processor256
(1, 3, 1) contributes and the dark gray shading corresponds to the rows it receives as output). The257
output distribution of the Reduce-Scatter is designed so that afterwards, the update of the factor258

matrix in that mode can be performed row-wise in parallel. S(n) can be computed locally, since259
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Fig. 2. Illustration of second inner iteration of Par-NCP algorithm for three-way tensor on a 3 × 3 × 3 pro-
cessor grid, showing data distribution, communication, and computation across steps. Highlighted areas
correspond to processor (1, 3, 1) and its processor slice with which it communicates. The column normaliza-

tion and computation of G(2) , which involve communication across all processors, is not shown here.

Table 1. Costs per Outer Iteration (While Loop of Algorithm 2) and per Processor in
Terms of Computation (Flops), Communication (Words Moved), and Memory (Words)

Required to Compute S(n) and M(n) for Each n, Assuming the Local MTTKRP Uses a
Dimension Tree [3]

Computation Communication Temporary Memory

O
(

R
P

∏
n In +

R2

P

∑
n In
)

O �
�R
∑

n

In
Pn

�
� O �	

�R
�
�
∏

n

In
Pn

�
�

1/2

+ R
∑

n

In
Pn

�

�

These costs do not include the computation (and possibly communication) costs of the particular NLS

algorithm.

the Gram matrices, G(n) , are stored redundantly on all processors. Along with S(n) each processor 260
updates its own rows of the factor matrix given its rows of the MTTKRP result (Figure 2(d)). The 261
remainder of the inner iteration is preparing and distributing the new factor matrix data for future 262

inner iterations, which includes an All-Gather of the newly computed factor matrix H(n) across 263

mode-n processor slices (Figure 2(e)) and recomputing G(n) = H(n)T
H(n) . 264

4.1.4 Analysis. We will analyze the cost of a single outer iteration. While the number of outer 265
iterations is sensitive to the NLS method used, the outer iteration time is generally the same across 266
methods. We summarize the analysis in Table 1, which provides the dominant computation, com- 267

munication, and memory costs of a single outer-iteration: computing S(n) and M(n) for each n that 268
is common to all NLS algorithms. 269
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Computation. The local computation occurs at Lines 12, 14, 15, and 17. The cost of Line 14 is270
O (NR2), the cost of Line 15 is O (R3In/P ), which is a loose upper bound for most methods (see271
Section 4.3), and the cost of Line 17 is O (R (In/P )2). The sum of these three costs across all inner272
iterations isO (R2N 2 + (R3/P )

∑
In + (R/P2)

∑
I 2
n ), which is dominated by the cost of the MTTKRP.273

We compute the cost to perform the MTTKRPs using dimension trees amortized over all inner274
iterations. The dimension tree optimization is explained in detail in Section 4.2. The outer iteration275
cost is dominated by the two partial MTTKRP computations (from the root of the tree), which276
together are O ((R/P )

∏
In ) = O (IR/P ) and dominate the costs of the multi-TTVs. We note that277

this cost involves the product of all the tensor dimensions, which is why it dominates, and we278
note that it scales linearly with P .279

Communication. The communication within the inner iteration occurs at Lines 13, 18, and280
19. Line 18 involves O (R2) data and a collective across all processors. Lines 13 and 19 involve281
O (InR/Pn ) data across a subset of P/Pn processors. Thus, the All-Reduce dominates the latency282
cost and the Reduce-Scatter/All-Gather dominate the bandwidth cost. Using efficient algorithms283
for the collectives (Section 2.4), the total outer iteration communication cost isO (R

∑
In/Pn ) words284

and O (N log P ) messages.285
If P is large enough, then the bandwidth cost can achieve a value ofO (NRI 1/N /P1/N ) by making286

the local tensors as cubical (all local tensor dimensions are roughly the same), which is communi-287
cation optimal [4]. If P is not large enough (or if the tensor dimensions are too skewed) to obtain288
perfectly cubical tensors, then choosing the processor grid so that local tensors are as cubical as289
possible is also communication optimal [5] (in this case some of the processor grid dimensions will290
be 1). We note that the cost in the case of large P scales with P1/N , which is far from linear scaling.291
However, it is proportional to the geometric mean of the tensor dimensions (on the order of one292
tensor dimension), which is much less than the computation cost dependence on the product of all293
dimensions. We report the cost for an arbitrary processor grid in Table 1, because the simplified294
cost expression is not always achievable. In any case of input tensor and number of processors, op-295
timizing the processor grid within our framework is sufficient to obtain the communication lower296
bounds for MTTKRP [4, 5] to within a constant factor.297

Memory. The algorithm requires extra local memory to run. Aside from the memory required298
to store the local tensor of O (I/P ) words and factor matrices of cumulative size O ((R/P )

∑
In ),299

each processor must be able to store a redundant subset of the rows of the factor matrices it needs300
to perform MTTKRP computations. This corresponds to storing P/Pn redundant copies of every301
factor matrix, which results in a local memory requirement ofO (R

∑
In/Pn ) for a general processor302

grid. The processor grid that minimizes communication also minimizes local memory, and the extra303
memory requirement can be as low as O (NRI 1/N /P1/N ), which is typically dominated by O (I/P ).304

The dimension tree algorithm also requires extra temporary memory space, but the space re-305
quired tends to be much smaller than what is required to store the local tensor. If the tensor di-306
mensions can be partitioned into two parts with approximately equal geometric means, then the307
extra memory requirement for running a dimension tree is as small as O (R

√
I/P ), which is also308

typically dominated by O (I/P ).309

4.2 Dimension Trees310

4.2.1 General Approach. An important optimization of the alternating updating algorithm for311
NCP (and unconstrained CP) is to re-use temporary values across inner iterations [30, 33, 41, 53].312
To illustrate the idea, consider a three-way tensor X approximated by �U,V,W� and the two MT-313

TKRP computations M(1) = X(1) (W � V) and M(2) = X(2) (W � U) used to update factor matrices314

U and V, respectively. The underlined parts of the expressions correspond to the computations315
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Fig. 3. Dimension tree example for N = 5. The data associated with the root node is the original tensor, the
data associated with the leaf nodes are MTTKRP results, and the data associated with internal nodes are
temporary tensors. Edges labeled with PM correspond to partial MTTKRP computations, and edges labeled
with mTTV correspond to multi-TTV computations.

that are shared between M(1) and M(2) and depend only on fixed quantities X and the third factor 316
matrix W. Indeed, a temporary quantity, which we refer to as a partial MTTKRP, can be computed 317
and re-used across the two MTTKRP expressions. We refer to the computation that combines the 318
temporary quantity with the other factor matrix to complete the MTTKRP computation as a multi- 319
tensor-times-vector or multi-TTV, as it consists of multiple operations that multiply a tensor times 320
a set of vectors, each corresponding to a different mode. 321

To understand the steps of the partial MTTKRP and multi-TTV operations in more detail, we 322
consider X to be I × J × K and U, V, and W to have R columns. Then, 323

m(1)
ir =

∑

j,k

xi jkvjrwkr =
∑

j

vjr

∑

k

xi jkwkr =
∑

j

vjr ti jr ,

where T is an I × J × R tensor that is the result of a partial MTTKRP between tensor X and the 324
single factor matrixW . Likewise, 325

m(2)
jr =

∑

i,k

xi jkuirwkr =
∑

i

uir

∑

k

xi jkwkr =
∑

i

uir ti jr ,

and we see that the temporary tensor T can be re-used and is the underlined part of M(1) = 326

X(1) (W � V) and M(2) = X(2) (W � U). From these expressions, we can also see that computing 327

T (a partial MTTKRP) corresponds to a matrix-matrix multiplication, and computing each of M(1) 328

and M(2) from T (a multi-TTV) corresponds to R independent matrix-vector multiplications. In 329

this case, we compute M(3) using a full MTTKRP. 330
For a larger number of modes, a more general approach can organize the temporary quanti- 331

ties to be used over a maximal number of MTTKRPs. The general approach can yield significant 332
benefit, decreasing the computation by a factor of approximately N /2 for dense N -way tensors. 333
The idea is introduced in Phan et al. [53], but we adopt the terminology and notation of dimension 334
trees used by Kaya et al. [30, 31, 33]. In this notation, the root node is labeled {1, . . . ,N } (we also 335
use the notation [N ] for this set) and corresponds to the original tensor, a leaf is labeled {n} and 336

corresponds to the nth MTTKRP result M(n) , and an internal node is labeled by a set of modes 337
{i, . . . , j} and corresponds to a temporary tensor whose values contribute to the MTTKRP results 338
of modes i, . . . , j. 339

Figure 3 illustrates a dimension tree for the case N = 5. Various shapes of binary trees are pos- 340
sible [30, 53]. For dense tensors, the computational cost is dominated by the root’s branches, 341
which correspond to partial MTTKRP computations. We perform the splitting of modes at the 342
root so that modes are chosen contiguously with the respect to the layout of the tensor entries 343
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Fig. 4. Data layout and dimensions for two example computations in dimension tree shown in Figure 3.

In this notation, X(1:2) is the matricization of input tensor X with respect to modes 1 through 2, K(1:2) =

H(2) � H(1) , T {3,4,5} is the temporary I3 × I4 × I5 × R tensor corresponding to node {3, 4, 5} in the dimension

tree, K(4:5) = H(5) � H(4) , and M(3) is the MTTKRP result for mode 3. The arrows represent row- vs. column-
major ordering in memory.

in memory. In this way, each partial MTTKRP can be performed via BLAS’s GEMM interface344
without reordering tensor entries in memory. All other edges in a tree correspond to multi-TTVs345
and are typically much cheaper. By organizing the memory layout of temporary quantities, the346
multi-TTV operations can be performed via a sequence of calls using BLAS’s GEMV interface.347
By using the BLAS in our implementation, we are able to obtain high performance and on-node348
parallelism.349

Figure 4 shows the data layout and dimensions of a partial MTTKRP and a multi-TTV taken from350
the example dimension tree in Figure 3. Figure 4(a) shows a partial MTTKRP between the input351
tensor X and the Khatri-Rao product of the factor matrices in modes 1 and 2, which produces a352
temporary tensor T corresponding to the {3, 4, 5} node in the dimension tree. The key to efficiency353
in this computation is that the matricization of X that assigns modes 1 through 2 to rows and354
modes 3 through 5 to columns, which we denote X(1:2) , is already column-major in memory. Thus,355
we can use the GEMM interface and compute the temporary tensor T without reordering any356
tensor entries. Note that T is a four-way tensor in this case, with its last mode of dimension R, and357
the GEMM interface outputs the matrix T(1:3) (where the first three modes are assigned to rows),358

which is column-major in memory. Figure 4(b) depicts a multi-TTV that computes the result M(3)359
from T and the factor matrices in modes 4 and 5. Here, the tensor T is matricized with respect to360
only its first mode (of dimension I3), but this matricization is also column-major in memory. We361
choose the ordering of the modes of T such that each of R contiguous blocks is used to compute362
one column of the output matrix via a matrix-vector operation with a corresponding column of363
the Khatri-Rao product of the other factor matrices.364

No matter how the dimension tree is designed, the computational cost of each partial MTTKRP365
is 2IR, where I = I1 · · · IN is the number of tensor entries andR is the rank of the CP decomposition.366
This is the same operation count as a full MTTKRP. The computational cost of a multi-TTV is the367
number of entries in the temporary tensor, which is the product of a subset of the original tensor368
dimensions multiplied byR. Thus, it is computationally cheaper than the partial MTTKRPs, but it is369
also memory bandwidth bound. The other subroutine necessary for implementing the dimension370
tree approach is the Khatri-Rao product of contiguous sets of factor matrices. The computational371
cost of this operation is also typically lower order, but the running time in practice suffers also372
from being memory bandwidth bound.373

ACM Transactions on Mathematical Software, Vol. 47, No. 3, Article 20. Publication date: May 2021.



TOMS4703-20 ACMJATS Trim: 6.75 X 10 in May 6, 2021 17:49

PLANC: Parallel Low-rank Approximation with Nonnegativity Constraints 20:13

Fig. 5. Dimension tree used in PLANC for general N . Mode S is the “split” mode, chosen so that the product
of dimensions in modes {1, . . . , S } is approximately equal to that of modes {S+1, . . . ,N }. The splits below
the root do not necessarily minimize computation but are chosen for simplicity.

4.2.2 PLANC Implementation. For a given tensor, it is possible to compute the dimension tree 374
that minimizes overall computation and memory. However, for most problems, the computation 375
(and actual running time) will be dominated by the choice of split at the root node, and the other 376
split choices will have negligible effect. The choice of split at the root node has no effect on the 377
computational cost of the two partial MTTKRPs, but it does affect the temporary memory require- 378
ment as well as the practical running time, as that split will determine the dimensions of the two 379
GEMM calls. The three matrix dimensions in the calls are given by the products of the dimensions 380
of the two subsets of modes and the rank of the decomposition. The amount of additional memory 381
needed is the size of the larger partial MTTKRP result and is O (I ) if R is less than the smallest 382
tensor dimension. 383

To minimize temporary memory and optimize GEMM performance, we seek to split the modes 384
such that the products of each subset of modes are nearly equal. To respect the memory layout of 385
the tensor, we consider only contiguous subsets of modes, and thus the split depends on only a 386
single parameter S , which we refer to as the “split” mode, and split the root into nodes {1, . . . , S } 387
and {S+1, . . . ,N }. We compute S to be the smallest mode such that the product of the first S modes 388
is greater than the product of the last N − S modes. 389

Because the splits within the tree have much less effect on the running time and memory, we 390
structure our tree to simplify the software implementation. That is, we compute the factor matrices 391
in order, from 1 to N , and for every internal node of the tree, we split the smallest mode from all 392
other modes. The structure of the tree we use in PLANC is shown in Figure 5, and the pseudocode 393
for its implementation is given by Algorithm 3. Note that the structure of the main left subtree 394
and the main right subtree are identical, and correspondingly the first half of the pseudocode (for 395
modes 1 to S) is nearly identical to the second half (for modes S+1 to N ), just with different index 396
ranges. 397

To explain the pseudocode in more detail, we focus on the first half, or modes 1 through S . The 398
first mode (n = 1) and the last mode (n = S) are special cases, because the first mode involves the 399
partial MTTKRP (Line 3) and the last mode does not compute an internal node of the tree. Internal 400
modes (1 < n < S) involve computing an internal node of the tree and the MTTKRP result for 401

that mode, both of which are computed via multi-TTVs. We use the notation K(i :j ) to represent 402

the reverse Khatri-Rao product of factor matrices H(i ) through H(j ) (i.e., K(i :j ) = H(j ) � H(j−1)� 403

· · · � H(i )), which are computed in Lines 2, 4, and 8. The partial MTTKRP (Line 3) is a matrix 404
multiplication between a matricization of the tensor where the first S modes are mapped to rows 405
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and a partial Khatri-Rao product; the output is the temporary tensor T, which is computed as a406
matrix withR columns. Each matrix involved is either column- or row-major ordered in memory as407

depicted in Figure 4(a), for example, where N = 5. We use notation T
{1:S }
(1:S )

for this output, where the408

subscript defines the matricization and the superscript labels the temporary tensor corresponding409
to its node in the dimension tree. The multi-TTV operations in Lines 5, 7, 9, and 11 are a set of R410
matrix-vector multiplications. We use MATLAB-style notation with parentheses to index the r th411
column of the Khatri-Rao product matrix and the MTTKRP result matrix. We use square-bracket412
notation to index contiguous column blocks of the temporary tensor. For example, in Line 9, we413

use T
{n:S }
(1)

[r ] to denote the r th column block (which comprises In+1 · · · IS columns) of the 1st-mode414

matricization of temporary tensorT {n:S } (which has dimensions In × · · · × IS × R). This r th column415
block is the same as the 1st-mode matricization of the r th slice of the tensor. The column blocks416
are colored distinctly in Figure 4(b), for example, where R = 3.417

We note that for on-node parallelization, we rely on multi-threaded BLAS for the GEMM and418
GEMV calls, which can be offloaded to a GPU if available. For the partial Khatri-Rao products, we419
implement the operation as a row-wise Hadamard product of a set of factor matrix rows, and we420
use OpenMP parallelization to obtain on-node parallelism.421

ALGORITHM 3: MTTKRP via Dimension Tree

Require: X is original N -way tensor, T {i :j } is temporary tensor of dimension I1 × · · · × Ii−1 × Ij+1 × · · · ×
IN × R

Require: n ∈ [N ] is inner iteration mode (evaluated in order), S ∈ [N ] is fixed split mode

1: if n = 1 then

2: K(S+1:N ) = H(N ) � · · · � H(S+1) % partial Khatri-Rao product

3: T
{1:S }
(1:S )

= X(1:S ) · K(S+1:N ) % partial MTTKRP

4: K(1:S−1) = H(S−1) � · · · � H(1) % partial Khatri-Rao product

5: M(1) (:, r ) = T
{1:S }
(1)

[r ] · K(1:S−1) (:, r ) for each r ∈ [R] % multi-TTV for MTTKRP result

6: else if n < S then

7: T
{n:S }
(1:S−n+1)

(:, r ) = T
{n−1:S }
(1)

[r ]T · H(n−1) (:, r ) for each r ∈ [R] % multi-TTV for internal node tensor

8: K(n+1:S ) = H(S ) � · · · � H(n+1) % partial Khatri-Rao product

9: M(n) (:, r ) = T
{n:S }
(1)

[r ] · K(n+1:S ) (:, r ) for each r ∈ [R] % multi-TTV for MTTKRP result

10: else if n = S then

11: M(S ) (:, r ) = T
{S−1:S }
(1)

[r ] · H(S−1) (:, r ) for each r ∈ [R] % multi-TTV for MTTKRP result

12: else if n = S + 1 then

13: K(1:S ) = H(S ) � · · · � H(1) % partial Khatri-Rao product

14: T
{S+1:N }
(1:N−S )

= XT
(1:S )
· K(1:S ) % partial MTTKRP

15: K(S+2:N ) = H(N ) � · · · � H(S+2) % partial Khatri-Rao product

16: M(S+1) (:, r ) = T
{S+1:N }
(1)

[r ] · K(S+2:N ) (:, r ) for each r ∈ [R] % multi-TTV for MTTKRP result

17: else if n < N then

18: T
{n:N }
(1:N−n+1)

(:, r ) = T
{n−1:N }
(1)

[r ]T · H(n−1) (:, r ) for each r ∈ [R] % multi-TTV for internal node tensor

19: K(n+1:N ) = H(N ) � · · · � H(n+1) % partial Khatri-Rao product

20: M(n) (:, r ) = T
{n:N }
(1)

[r ] · K(n+1:N ) (:, r ) for each r ∈ [R] % multi-TTV for MTTKRP result

21: else

22: M(N ) (:, r ) = T
{N−1:N }
(1)

[r ] · H(N−1) (:, r ) for each r ∈ [R] % multi-TTV for MTTKRP result

23: end if
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4.3 Update Algorithms 422

In this subsection, we consider updating algorithms for the NLS updates of the factor at each inner 423
iteration of the algorithm (Line 13 of Algorithm 1). The general problem to be solved in each inner 424
iteration is a constrained least-squares problem of the form 425

X← arg min
X≥0

‖AX − B‖2F . (2)

All our updating methods (approximately) solve Equation (2) by first forming ATA and ATB, ma- 426
trices that appear in the gradient of the objective function. In the case of updating the factor matrix 427

H(n), we need to solve Equation (2) with X = H(n)T, A = K(n) , where K(n) is the KRP of factor ma- 428

trices leaving out the nth factor matrix and B = X(n) , where X(n) is the nth mode matricization 429

of X. In this case, we have ATA = S(n) and ATB = M(n)T
, which correspond to the inputs to the 430

NLS-Update function in Line 13 of Algorithm 1. 431
A nice property of the Equation (2) is that it can be decoupled along the columns of X and thus 432

parallelized as in Algorithm 2. We use the notation Xp to refer to a subset of the columns of X 433

owned by processor p, or in the case of Line 15 of Algorithm 2, we use H
(n)
p to refer to a subset 434

of the rows of H(n) = XT. The gradient for this subset of columns depends on the corresponding 435

columns of ATB = M(n)T
, denoted by M

(n)
p , and all of ATA = S(n) . 436

Our framework is capable of supporting any alternating-updating NCP algorithm [28]. The up- 437
dating algorithms that fit this framework and are implemented in PLANC are Multiplicative Up- 438
date [40], Hierarchical Alternating Least Squares [14, 24], Block Principal Pivoting [36], Alternat- 439
ing Direction Method of Multipliers [26], and Nesterov-type algorithm [43]. We briefly describe 440
the different solvers below. Note that the descriptions are for the general form of the NLS problem 441
as shown in Equation (2). 442

4.3.1 Multiplicative Update (MU). The MU solve is an elementwise operation [40]. The update 443
rule for element (i, j ) of X is 444

X(i, j ) ← X(i, j )
ATB(i, j )(

ATAX
)

(i, j )
. (3)

While this rule does not solve Equation (2) to optimality it ensures a reduction in the objective 445
value from the initial value of X. Note that Equation (3) breaks down if the denominator becomes 446
zero. In practice a small value is added to the denominator to prevent this situation. 447

4.3.2 Hierarchical Alternating Least Squares. HALS updates are performed on individual rows 448
of X [14, 24]. The update rule for row i can be written in closed form as 449

X(i, :) ←
⎡⎢⎢⎢⎢⎢⎣
X(i, :) +

(ATB) (i, :) −
(
ATA(i, :)X

)

(ATA) (i, i )

⎤⎥⎥⎥⎥⎥⎦+
, (4)

where [·]+ is the projection operator onto R+. The rows of X are updated in order so that the latest 450
values are used in every update step. HALS has been observed to produce unbalanced results with 451
either very large or very small values appearing in the factor matrices [24, 35]. Normalizing the 452
rows of X after every update via Equation (4) has been proposed to alleviate this problem [24, 453
35]. Within PLANC’s parallelization, this step requires explicit communication among processors, 454

because the rows of X (the columns of H(n)) are distributed across processors. 455
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4.3.3 Block Principal Pivoting. BPP is an active-set like method for solving NLS problems. The456
main subroutine of BPP is the single right hand side version of Equation (2),457

x← arg min
x≥0

‖Ax − b‖22 . (5)

The Karush-Kuhn-Tucker (KKT) optimality conditions for Equation (5) are specified by x and458
y = ATAx − ATb: x � 0, y � 0, and x ∗ y = 0, where ∗ is the Hadamard product. The complemen-459
tary slackness criteria from the KKT conditions forces the support sets, i.e., the non-zero elements,460
of x and y to be disjoint. In the optimal solution, the active-set is the set of indices where xi = 0461
and the remaining indices are referred to as the passive set. Once the active-set is found, we can462
find the optimal solution to Equation (5) by solving an unconstrained least-squares problem on463
the passive set of indices. The BPP algorithm attempts to find the active set by greedily swapping464
indices between the intermediate active and passive sets until it finds a solution that satisfies the465
KKT conditions. The unconstrained least squares is solved using the normal equations. Kim and466
Park [36] discuss the method in greater detail.467

4.3.4 Alternating Direction Method of Multipliers. In the ADMM solver [26] the optimization468
problem Equation (2) is reformulated by introducing an auxiliary variable X̂:469

min
X,X̂

1

2
���AX̂ − B

���2

F
+ r (X),

subject to X = X̂,

(6)

where r (·) is the penalty function for nonnegativity. It is 0 if X ≥ 0 and∞ otherwise. The updates470
for the ADMM algorithm are given by471

X̂←
(
ATA + ρI

)−1 (
ATB + ρ (X + U)T

)
,

X← arg min
X

r (X) +
ρ

2
���X − X̂ + U

���2

F
,

U← U + X − X̂,

(7)

where U is the scaled version of the dual variables corresponding to the equality constraints X = X̂472
and ρ is a step size specified by the user. U is initialized as a matrix of all zeros. The advantage of473
using ADMM is the clever splitting of the nonnegativity constraints into updates of two blocks of474
variables X and X̂. This allows for an unconstrained least-squares solve for X̂ and element-wise475
projections onto R+ for X.476

We can accelerate this solve by repeating the updates given by Equation (7) more than once. One477
important fact to notice is that the same matrix ATB and matrix inverse (ATA + ρI)−1 are used for478
all the updates. We can therefore cache ATB and the Cholesky decomposition of (ATA + ρI) to479
save some computations during subsequent updates. We stop updating using the stopping criteria480
described by Huang et al. [26], which is based on ‖X‖F , ‖X̂‖F , and ‖U‖F . Computing these norms481
requires communication, because each of these matrices are distributed across processors. We also482
limit the maximum number of acceleration steps to 5. By default, a good choice for ρ is ‖A‖2F /R,483
where R is the number of columns of A (rank of the CP decomposition) [26]. For a comprehensive484
guide to the ADMM method, convergence properties and selection of optimal ρ please refer to485
article by Boyd et al. [8].486

4.3.5 Nesterov-type Algorithm. The Nesterov-type algorithm in PLANC was introduced by487
Liavas et al. [43]. Their method solves a modified version of NLS problem Equation (2) with488
the introduction of a proximal term with an auxiliary matrix X∗. The proximal term is useful to489
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handle ill-conditioned instances and guarantee strong convexity. The objective function tackled is 490

fp (X) :=
1

2
‖AX − B‖2F +

λ

2
‖X − X∗‖2F , (8)

where X is constrained to be nonnegative. The gradient of fp is given by the expression 491

∇fp (X) = −(ATAX − ATB) + λ(X − X∗).

Updates to X are performed using the gradient of fp , 492

∇fp (Yk ) =
(
ATB − λX∗

)
+
(
λI − ATA

)
Yk ,

Xk+1 ←
[
Yk − α∇fp (Yk )

]
+
,

Yk+1 ← Xk+1 + βk+1 (Xk+1 − Xk ) ,

(9)

where [·]+ is the projection operator onto R+. Notice that we can update X multiple times 493
reusing ATA and ATB. This is the acceleration performed for every inner iteration in Line 15 494
of Algorithm 2. They are repeated until a termination criteria is triggered; different criteria are 495
discussed in the original paper [43]. The termination criteria are bounds checks on the minimum 496

and absolute maximum values of X and require communication, because X = H(n)T
is distributed 497

across processors. We also limit the total number of inner iterations to 20. 498
The selection of hyperparameters λ,α , and β depends on the singular values of A and is neces- 499

sary for developing a Nesterov-like method for solving Equation (8). The matrix X∗ is generally X 500
from the previous outer iteration (Line 8 of Algorithm 2). Details of the selection procedure and 501
different cases can be found in the original paper [43]. 502

In addition to the acceleration performed during each NLS solve, Equation (9), we can also 503
perform an acceleration step for every outer iteration in the while loop (Line 8 of Algorithm 2). In 504
this step all factor matrices are updated using the previous outer iteration values until the objective 505
stops decreasing. The outer acceleration step for iteration i will be 506

H
(1)
new ← H

(1)
i + si

(
H

(1)
i − H

(1)
i−1

)
,

H
(2)
new ← H

(2)
i + si

(
H

(2)
i − H

(2)
i−1

)
,

...

H
(N )
new ← H

(N )
i + si

(
H

(N )
i − H

(N )
i−1

)
.

(10)

The results of Equation (10) will be accepted as the next iterate only if the overall objective 507

error with the new factor matrices, �H(1)
new , . . . ,H

(N )
new �, is lower than that of �H(1)

i , . . . ,H
(N )
i �. 508

To compute the relative error, we need an extra MTTKRP computation per outer acceleration. 509
Typically si = i

1/N but its value can change as the overall algorithm progresses [43]. 510

5 SOFTWARE 511

In this section, we give a brief overview of the PLANC software package structure and ways we 512
expect users to interact with it. PLANC consists of the following modules—shared memory NMF, 513
shared memory NTF, distributed memory NMF, and distributed memory NTF. A detailed descrip- 514
tion of the NTF module is presented with the NMF modules following a similar hierarchy. We 515
expect users of PLANC to add new NLS solvers and use PLANC to quickly prototype their effi- 516
cacy on large problems (see References [18, 46], for example). A case study of this interaction is 517
shown. Another possible extension would be to improve the MTTKRP and matrix multiplication 518
operations, as done by Moon et al. [48]. These routines are implemented in the abstract class, so 519
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Fig. 6. PLANC UML class diagram. Solid lines with arrow heads represent is-a relationships (inheritance):
the six algorithm classes near the bottom of the diagram all derive from the abstract class DistAUNTF at
the top. Solid lines with diamond heads represent has-a relationships (composition): NES and AOADMM
classes have extra NCPFactors objects compared to the abstract DistAUNTF class, for example. Dotted lines
represent dependencies.

any performance improvement immediately benefits all NLS solvers. Another possible interaction520
with the code would be to utilize the optimized MTTKRP and matrix multiplication operations.521
While they are not explicitly exposed by PLANC, extending these classes is relatively easy and has522
already been demonstrated by others [13].523

5.1 Class Organization524

We briefly describe the overall class hierarchy of the PLANC package as illustrated in Figure 6.525
PLANC offers both shared and distributed memory implementations of NTF and the classes used526
in each type are distinguished by the prefix Dist in their names (e.g., DistAUNTF versus AUNTF).527
We shall cover the distributed implementation of NTF in this section. Most of the descriptions can528
be directly applied to the shared memory case as well.529

There are broadly two types of classes present. Utility classes are primarily for managing data,530
setting up the processor grid, and interacting with the user. Algorithm classes perform all the531
computations needed for NTF and implement the different NLS solvers.532

5.1.1 Utility Classes.533
Data. The Tensor and NCPFactors classes contain the input tensor X and the factor matrices534

�H(1), . . . ,H(N )�. The Tensor class stores the input tensor as a standard data array. The tensor X535
is stored as its mode-1 unfolding X(1) in column major order. Each processor contains its local part536
of the tensor (see Section 4.1.2). The NCPFactors class contains all the factor matrices. Each factor537
matrix is an Armadillo matrix [55]. The matrices are usually column normalized and the column538
norms are stored in the vector λ, which is present as a member of this class (see Algorithm 4).539
The vector λ is replicated in all processors whereas the rows of the factor matrices are distributed540
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across the processor grid (see Section 4.1.2). There is no global view of the entire input tensor or 541
factor matrices and care must be taken to communicate parts of either among the processor grid. 542

Communication. The NTFMPICommunicator class creates the MPI processor grid for Algorithm 2. 543
In addition to the communicator for the entire grid, it contains a slice communicator for each mode 544
of the processor grid. The slice communicators are used in the Reduce-Scatter of Line 13 and All- 545
Gather of Line 19 in Algorithm 2. 546

I/O. The DistNTFIO utility class is used to read in the input tensor from user-specified files. 547
DistNTFIO also contains methods to generate random tensors and to write out the factor matrices 548
to disk. The ParseCommandLine class contains all the command line options available in PLANC. 549
As the name suggests it parses the different combinations of user inputs to instantiate the driver 550
class and run the NTF algorithm. Some example user inputs are the target rank of the decomposi- 551
tion, number of outer iterations, NLS solver, and regularization parameters. 552

5.1.2 Algorithm Classes. 553
DistAUNTF. This is the major workhorse class of the package. It is used to implement Algorithm 2. 554

Some of the important member functions are: 555

• computeNTF: This is the outer iteration (Line 8 in Algorithm 2). 556
• distmttkrp: Computes the distributed MTTKRP in Lines 12 and 13 in Algorithm 2. 557
• gram_hadamard,update_global_gram: These functions are used to compute the Gram 558

matrix used in the NLS solvers. 559
• computeError: This function calculates the relative objective error of the factorization as 560

described in Appendix B.2. 561

Derived classes. There exist derived classes, such as DistNTFANLSBPP, DistNTFMU, and so on, for 562
each of the NLS solvers described in Section 4.3. There are two main functions that are present in 563
the derived classes, which are described below. Auxiliary variables needed to implement certain 564
NLS solvers like ADMM and Nesterov-type algorithm are also maintained in this class. 565

• update: This function is the NLS solve function. It returns the updated factor matrix using 566
the current local MTTKRP result and global Gram matrix (see Section 4.3). 567

• accelerate: This implements the outer iteration acceleration (Line 8 in Algorithm 2). Cur- 568
rently only the Nesterov-type algorithm has an outer acceleration step. 569

5.2 Algorithm Extension 570

Extending PLANC to include different solvers is a simple task and we list the steps to do so below. 571

(1) Create a derived class with the newly implemented update function. This is the new NLS 572
method needed to update the factor matrices. 573

(2) The constructor for the new class should contain information on whether the algorithm 574
requires an outer acceleration step. If the method requires an outer acceleration step, then 575
it needs to be implemented in the derived class. 576

(3) Update the command line parsing class ParseCommandLine to include additional config- 577
uration options for the algorithm. 578

(4) Include the new algorithm as an option in the utilities and the driver files. 579

Case Study. We describe the different steps needed to extend PLANC to include the Nesterov- 580
type algorithm. 581

(1) We first create the DistNTFNES class, which is derived from DistAUNTF. 582
(2) We implement the update and accelerate functions in the derived class. 583
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• The Nesterov NLS updates require the previous iterate values (for the auxiliary term as584
described in Section 4.3), which may be thought of as a persistent “state” of the algo-585
rithm. We utilize an extra NCPFactors object to hold these variables.586

• The Nesterov update function needs synchronization to terminate its local587
(iterative) NLS solve. This involves accessing the communicators found in588
DistNTFMPICommunicator class for the distributed algorithm.589

• Finally, Nesterov-type algorithms generally involve an outer acceleration step, which is590
also implemented in the derived class DistNTFNES.591

(3) We then update the ParseCommandLine class to include Nesterov as an algorithm.592
(4) We update the driver file distntf.cpp to include the Nesterov algorithm.593

6 PERFORMANCE RESULTS594

6.1 Experimental Setup595

The entire experimentation was performed on Titan, a supercomputer at the Oak Ridge Leadership596
Computing Facility. Titan is a hybrid-architecture Cray XK7 system that contains both advanced597
16-core AMD Opteron central processing units (CPUs) and NVIDIA Kepler graphics process-598
ing units (GPUs). It features 299,008 CPU cores on 18,688 compute nodes, a total system memory599
of 710 terabytes with 32 GB on each node, and Cray’s high-performance Gemini network.600

We use Armadillo [55] for matrix representations and operations. In Armadillo, the elements601
of the dense matrix are stored in column major order. For dense BLAS and LAPACK operations,602
we linked Armadillo with the default LAPACK/BLAS wrappers from Cray. We use the GNU C++603
Compiler (g++ (GCC) 6.3.0) and Cray’s MPI library. The code can also compile and run on other604
commodity clusters with entirely open source libraries such as OpenBLAS and OpenMPI.605

6.2 Datasets606

6.2.1 Mouse Data. The “Mouse” data is a 3D dataset that images a mouse’s brain over time and607
over a sequence of identical trials [37]. Each entry of the tensor represents a measure of calcium608
fluorescence in a particular pixel during a time step of a single trial. The calcium imaging is per-609
formed using an epi-fluorescence macroscope viewing the brain through an artificial crystal skull.610
Each image has dimension 1, 040 × 1, 392, and the minimum number of time steps across 25 trials611
is 69. By flattening the pixel dimensions and discarding time steps after 69 for each trial, we obtain612
a tensor of size 1,446,680 × 69 × 25. Every trial is performed with the same mouse and tracks the613
same task. The mouse is presented with visual simulation (starting at frame 3), and after a delay is614
rewarded with water (starting at frame 25). The CP decomposition can be used as an unsupervised615
learning technique to discover underlying patterns within the data. Because the data is nonnega-616
tive, an NCP can be more easily interpreted. We show an example interpretation of a component617
in Figure 15.618

6.2.2 Synthetic. Our synthetic data sets are constructed from a CP model with an exact low619
rank with no additional noise. In this case, we can confirm that the residual error of our algorithm620
with a random start converges to zero. For the purposes of benchmarking, we run a fixed number621
of iterations of the NTF algorithms rather than using a convergence check.622

6.3 Performance Breakdown Categories623

The list below gives a brief description of all the categories shown in the breakdown plots and624
their role in the overall algorithm.625
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Table 2. Characteristics of the Various Update Algorithms that can Potentially Affect Performance

Alg Communication Extra MTTKRPs Iterative Tuning
UCP × × × ×
MU × × × ×

HALS � Column Norms × × ×
BPP × × � ×

ADMM � Stopping Criteria × � � Step Size
NES � Stopping Criteria � � � See Section 4.3

The columns are as follows: (1) if the local update requires communication, (2) if the update requires additional MTTKRP

computations, (3) if the local update itself is iterative, (4) if the algorithm’s performance are significantly impacted by

parameter tuning. A � corresponds to the algorithm having the characteristic, and a × means it does not.

(1) Gram: the Gram matrix computation includes both the Gram computation of the local 626
factor matrices and the Hadamard product of global Gram matrices for each factor matrix. 627
This computation is performed on each inner iteration but is cheap under the assumption 628
that R is small relative to the tensor dimensions. 629

(2) NLS: the cost of a nonnegative least-squares update can vary drastically with the algorithm 630
used. The various characteristics that may affect run time for each NLS algorithm are 631
discussed in Section 6.4. 632

(3) MTTKRP: the (partial) MTTKRP is a purely local computation performed on each node, 633
and can be offloaded to the GPU. Using the dimension tree optimization (Section 4.2), we 634
perform 2 partial MTTKRPs for each outer iteration, regardless of the number of modes N . 635
Both operations are cast as GEMM calls, where the dimensions are given by the product 636
of the first S mode dimensions (S is the split mode), the product of the last N − S mode 637
dimensions, and the rank R. 638

(4) MultiTTV: the MultiTTVs are purely local computations performed on each node. Each 639
MultiTTV is cast as a set of R GEMV calls, which are typically memory bandwidth bound. 640

(5) ReduceScatter: the ReduceScatter collective is used to sum MTTKRP results and distribute 641
portions of the sum appropriately across processors. It is called for each inner iteration. 642

(6) AllGather: the AllGather collective is used to collect the updated factor matrices to each 643
processor in the slice corresponding to the mode being updated. It is called after each 644
inner iteration. 645

(7) AllReduce: the AllReduce is used to compute the Gram matrices and for computing norms 646
and other quantities required for stopping criteria of some algorithms. 647

6.4 Updating Algorithm Distinctions 648

Table 2 highlights the distinct aspects of each updating algorithm that can affect performance. The 649
rows of Table 2 denote the different local update algorithms implemented in PLANC. The algo- 650
rithms names and acronyms in order from top to bottom in Table 2 are as follows: Unconstrained 651
CP (UCP), MU, HALS, BPP, ADMM, and Nesterov-type algorithm (NES). The aspects of each 652
algorithm that are displayed in Table 2 are as follows: 653

• Communication: a check mark and description in this column indicates that the local up- 654
date algorithm requires some amount of communication. For example, the HALS algorithm 655
requires the communication of the updated column norms. Additional communication 656
requirements can affect performance by incurring additional latency and bandwidth costs. 657
These penalties become significant when the number of processors is high. 658
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Fig. 7. Per Iteration LUC comparison of NLS algorithms on 4D synthetic and and 3D Mouse tensors.

• Extra MTTKRPs: the NES algorithm has an acceleration step that requires an additional659
MTTKRP to be performed. This can potentially increase the run time if the acceleration660
step does not decrease the objective function. Experimentally, on both real and synthetic661
data sets, we observe that NES run time is significantly increased by the additional MTTKRP662
computations.663

• Iteration: this column indicates the iterative nature of the local update algorithm. Note that664
all of the algorithms we present here are iterative in terms of the outer iteration. UCP, MU,665
and HALS all have closed-form formulas for the inner iteration, meaning the number of666
flops can be explicitly computed as a function of the problem size. The rest of the algorithms667
have flop and communication requirements dependent on the number of iterations it takes668
the algorithm to converge for a particular local update.669

• Tuning: many optimization algorithms require some tunable input parameters, which can670
impact performance. For example, setting a step size is a frequent requirement for gradient-671
based optimization algorithms when an exact line search is too computationally expensive.672

6.5 Microbenchmarks673

6.5.1 Per-iteration Timing Comparison Across Algorithms. Figure 7 shows the “local update674
computation” time taken by the different updating algorithms for various low-rank values on a675
synthetic data set and the Mouse dataset. The synthetic tensor (Figure 7(a)) involves about 20 Local676
Update Computations (LUCs) per processor per iteration whereas the Mouse data (Figure 7(b))677
has about 20,000 updates per processor per iteration, which accounts for the difference in the scales678
of the time seen in the figures. MU and CP are the cheapest algorithms with NES being the most679
expensive. HALS, ADMM, and NES algorithms all communicate in their update steps and this680
significantly affects their runtimes, see Figure 13(b). NES has the most expensive inner iteration681
involving an Eigen decomposition of the Gram matrix and up to 20 iterations of the NLS updater.682
ADMM has the second most expensive inner iteration with up to 5 iterations of the acceleration683
step. HALS, however, does not have a very expensive inner iteration but needs a synchronization684
to normalize every updated column of the factor matrix before proceeding to the next column,685
causing a slowdown.686

6.5.2 Comparison Across Processor Grids. Figure 8 gives a processor grid comparison for a 3-D687
cubical tensor of size 512. The distributed MTTKRP time dominates the overall run time, and we688
observe that an even processor distribution results in the best achieved performance for all update689
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Fig. 8. Processor grid sweep of a 512 × 512 × 512 synthetic 3D low-rank tensor on 512 nodes with low rank 96.

Fig. 9. Timing comparison of CPU and GPU offloading on 4D Synthetic Low-rank Tensor of size 384 × 384 ×
384 × 384 on 3 × 3 × 3 × 3 processor grid with varying ranks. Only 2 updating algorithms are shown, because
all other algorithms had results similar to UCP.

algorithms. This difference in run times is partially accounted for by GEMM performance due to 690
the different shapes of the matrices involved. Besides choosing an even processor grid, we see that 691
configurations 1 through 6 have quite stable run times with the exception of the NES algorithm. 692
The variation in the NES run times can be attributed to the variable number of MTTKRPs needed 693
for the acceleration steps. 694

6.5.3 Comparison between CPU and GPU Matrix Multiplication Offloading. Figure 9 shows 695
comparison in run times between performing partial MTTKRPs on the CPU versus offloading 696
to the GPU as rank increases. We only plot NES and UCP algorithms as they capture all the be- 697
haviours exhibited in offloading the matrix multiplication. All the other NLS algorithms perform 698
similarly to UCP. As expected the CPU run times increase linearly with R as the operation count 699
for UCP is dominated by the MTTKRP, which is linear in R. In the case of the GPU execution, the 700
tested sizes of R are never large enough to saturate the GPU, yielding flat run times even as the 701
rank increases. The NES algorithm takes additional time for both the CPU and GPU executions due 702
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Fig. 10. Relative error over time comparison of updating algorithms on 4D Synthetic Low-rank Tensor of
size 384 × 384 × 384 × 384 on 3 × 3 × 3 × 3 processor grid. Each data point corresponds to an outer iteration.

Fig. 11. Relative error comparison of updating algorithms on 3D Real-world Low-rank Tensor of size
1,447,680 × 69 × 25 on a 64 Titan Nodes as 64 × 1 × 1 Processor Grid for 10 s. Each data point corresponds to
an outer iteration.

to the additional MTTKRPs. In this case, for the chosen tensor size and rank, it is always beneficial703
to offload the GEMM calls to the GPU, and the maximum achieved speedup with GPU offloading is704
about 7×. However, we have observed in other experiments that NVBLAS can make the incorrect705
decision to offload the computation to the GPU when it is faster to perform it on the CPU.706

6.6 Convergence Comparison Across Algorithms707

Figures 10 and 11 show convergence comparisons (error vs. time) for each of the updating algo-708
rithms on synthetic low-rank and Mouse data sets, using two different target ranks each. Every709
algorithm is run for a fixed number (30) of outer iterations for fair comparison. For the Mouse710
data in Figure 11, we show only the first 10 s, because nearly all algorithms are converging within711
30 iterations. The initialized random factors are the same for all algorithms in both tests, and the712
synthetic tensor is the same for all algorithms. In both the synthetic and real-world cases BPP713
achieves the lowest approximation error in the shortest amount of time. Overall results are as ex-714
pected, such as MU achieving the worst error and ADMM achieving the second best in all cases. It715
is also note-worthy that on the real-world data set the best algorithms, ADMM and BPP, achieve716
relative errors of ≈ 2–3%.717
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Fig. 12. Weak scaling on synthetic 3D and 4D low-rank tensors. For the 3D case, the input tensors are of
size 128 × 128 × 128, 256 × 256 × 256, 378 × 378 × 378, and 512 × 512 × 512 on 1, 8, 27, and 64 Titan Nodes,
respectively. The 4D input tensors are 128 × 128 × 128 × 128, 256 × 256 × 256 × 256, 512 × 512 × 512 × 512,
1,024 × 512 × 512 × 512, 1,024 × 512 × 1024 × 512, 1,024 × 1,024 × 1,024 × 512, 1,024 × 1,024 × 1,024 × 1,024,
2,048 × 1,024 × 1,024 × 1,024, 2,048 × 1,024 × 2,048 × 1,024 on 1, 16, 256, 512, 1,024, 2,048, 4,096, 8,192, and
16,384 Titan nodes, respectively. For all experiments, the low rank is 96.

6.7 Scaling Studies 718

6.7.1 Weak Scaling (Synthetic Data). We performed weak scaling analysis on two different cu- 719
bical tensors with three and four modes (by cubical, we mean all modes have the same dimension). 720
Figure 12 shows the time breakdown for scaling up to 64 nodes of Titan for the 3D case and 16384 721
nodes for the 4D tensor. In each experiment the size of the local tensor is kept constant at di- 722
mension 128 in each mode for all the runs. As expected, the run time is dominated by the cost to 723
compute the MTTKRP, and the domination is more extreme for higher mode tensors. Moreover, 724
we see reasonable weak scaling as the figures remain relatively flat over all processor sizes. 725
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Fig. 13. Strong scaling on synthetic 3D and 4D low rank tensors with low rank 96.

The variations occur mainly due to the NLS and communication portions of the algorithm. These726
do matter in general and especially for the 3D case where the MTTKRP cost is often comparable727
to NLS times, especially for smaller number of processors. However, NLS times scale well, since728
they split along processor slices rather than fibers and soon become negligible for large processor729
grids. The amount of communication per processor remains constant but latency costs increase730
slowly as we scale up.731

6.7.2 Strong Scaling (Synthetic Data). We run strong scaling experiments on two synthetic cu-732
bical tensors, one 3D and one 4D. Figure 13 contains these results for each of the local update733
algorithms ranging from 1 to 16384 processors. Since the tensors are cubical, we try to maintain734
the processor grids to be as close to cubical as well. For the 3D case the grids used are 2 × 2 × 2,735
4 × 2 × 2, 4 × 4 × 2, 4 × 4 × 4 and 8 × 4 × 4. Similarly the grids used for the 4D case are 4 × 4 × 4 × 4,736
8 × 4 × 4 × 4, 8 × 4 × 8 × 4, 8 × 8 × 8 × 4, 8 × 8 × 8 × 8, 16 × 8 × 8 × 8, and 16 × 8 × 16 × 8.737
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Fig. 14. Strong scaling on Mouse dataset.

We see similar behavior for the 3D and 4D case. For the 3D tensor (Figure 13(a)), we observe 738
good strong scaling up to about 32 nodes and continue to see speed up through 128 nodes. Similarly 739
for the 4D case (Figure 13(b)), the algorithms scale well up to about 1,024 nodes and continue to 740
reduce time until 8,192 nodes; we observe a slowdown when scaling to 16,384 nodes. 741

One reason for the limit of strong scaling is the communication overheads of AllGather, AllRe- 742
duce, and ReduceScatter, which become more significant for more processors. The stronger ef- 743
fect is the performance of the local matrix multiplications within MTTKRP’s dimension tree. The 744
smallest dimension in the matrix multiplication is typically the low-rank R, which is 96 in these 745
experiments. For a cubical tensor of odd dimension, in our case three, the dimension tree opti- 746
mization is often forced to cast partial MTTKRP into a very rectangular matrix multiplication, 747
depending on the processor grid. Two of the local dimensions must be grouped together while the 748
other is left alone. This means that the largest dimension would need to be close to the product of 749
the other two in order for there to be an approximately square matrix (multiplying a tall-skinny 750
matrix with k columns, for example). The shape and size of these local multiplications hurts the 751
efficiency of the local computation cost and is the biggest hindrance to strong scalability for these 752
examples. 753

6.7.3 Strong Scaling (Real World). Figure 14 show strong scaling results on the Mouse dataset. 754
We use a 1D P × 1 × 1 processor grid throughout the experiment. The results are in line with 755
the synthetic results. We achieve near-perfect scaling up to ∼32 nodes and still improve runtimes 756
through 512 nodes. At 1,024 nodes the NLS algorithms, which communicate during the solve steps, 757
perform far worse and show up to 2× slowdown. The non-communicating solvers also degrade in 758
performance but more gracefully. 759

6.8 Mouse Data Results 760

The CP decomposition of the Mouse data can be used to interpret brain patterns in response to the 761
light stimulus and water reward given to the mouse. For example, Figure 15 shows a visualization 762
of the factors of the 22nd component of the rank-32 CP decomposition. From the time factor, we 763
see a marked increase in the importance of the component after the reward time frame, which 764
suggests the activity is a response to the reward. Because the same mouse undergoes 25 identical 765
trials, we expect to see no pattern in the time factor of each component. We note that the factors 766
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Fig. 15. Visualization of component 22 of rank-32 CP decomposition of Mouse data. The time factor visual-
ization has been annotated with key time points marked, showing when the light stimulus was applied and
when the water reward was given. The y-axes of the time and trial factors are unitless loading weights. The
brain image factor has been reshaped back into original dimensions to visualize pixels with large weights in
the component.

have been normalized, and the absolute magnitude of the y-axis reflects this. The pixel factor has767
been reshaped to an image of the same dimensions of the original data. We observe higher intensity768
values in the somatosensory cortex (middle, left), which is associated with bodily sensation. This769
component, possibly representing a sensory response to the water reward, aligns well with the770
findings of cell-based analysis [37, Figure 3], which also identified neurons in the somatosensory771
cortex with intensities that peaked quickly after the reward time frame.772

The full set of components for the rank-32 CP decomposition are given in Figures 16 and 17773
(Appendix A). We note that the interpretation of these computed components is useful only for774
exploratory analysis. Their scientific validity would need to be confirmed with tests of robustness775
with respect to choice of rank, random starting point, and algorithm.776

7 CONCLUSION777

In this work, we present PLANC, a software library for nonnegative low-rank factorizations that778
works for tensors of any number of modes and scales to large data sets and high processor779
counts. The software framework can be adapted to use any NLS algorithm within the context780
of alternating-updating algorithms. We use a dimension tree optimization to avoid unnecessary781
recomputation within the bottleneck local MTTKRP computation, and we use an efficient paral-782
lelization algorithm that minimizes communication cost. Our performance results show the ability783
to (weakly) scale well on synthetic data to over 16,000 nodes (35 TB of data), and we show improved784
performance by strong scaling on a mouse brain imaging data set of size 20 GB on up to 512 nodes.785

PLANC is able to offload some of the computation to a GPU, and we show that this can sig-786
nificantly improve the overall runtime. This is possible because in each iteration the bottleneck787
computation (MTTKRP) can be cast as a pair of matrix multiplications (GEMMs), which benefit788
from GPU acceleration for sufficiently large dimensions. These dimensions depend on the (local)789
tensor size and the rank of the CP decomposition. Two of the dimensions can be tuned by the790
processor grid, which determines the local tensor dimensions, and the choice of dimension tree.791
Therefore two of the matrix multiplication dimensions are typically large. The third dimension is792
exactly the rank of the decomposition, so it is typically the smallest dimension and the limitation793
on GPU efficiency.794
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The PLANC software framework is designed to be extensible to NCP algorithms, and we demon- 795
strate how to add an algorithm (the Nesterov-based algorithm) to the library. While previous work 796
argued that overall performance was agnostic to NLS algorithm choice [28], these results show that 797
for NLS algorithms that involve extra communication or significant computation, the per-iteration 798
running time can be noticeably affected. In these cases, the time to solution depends both on the 799
per-iteration time and the convergence rate (number of iterations). 800

PLANC is available at https://github.com/ramkikannan/planc. It provides both shared and dis- 801
tributed memory parallel algorithms for computing dense NMF, sparse NMF, and dense NTF. 802
Sparse NTF is not currently supported by PLANC but there are plans to provide functionality 803
for sparse NTF in the future. 804

APPENDICES 805

A FULL RESULTS FOR MOUSE DATA 806

Figures 16 and 17 show all 32 components of a CP decomposition of the Mouse data. This de- 807
composition includes the component highlighted in Figure 15. The components are ordered by 808
their weight in the λ vector. The vertical bars in Figure 16(a) correspond to the frames of the light 809
stimulus and water reward, respectively. 810
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Fig. 16. Time and trial factors of rank-32 CP decomposition of Mouse data.
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Fig. 17. Brain factors of rank-32 CP decomposition of Mouse data.
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B DETAILED PARALLEL ALGORITHM811

Algorithm 4 presents a more detailed version of the Parallel NCP Algorithm. The simpler version812
appears in Section 4 as Algorithm 2. In particular, Algorithm 4 includes the pseudocode for factor813
matrix normalization and relative error computation as described below.814

B.1 Factor Matrix Normalization815

The CP decomposition has a scale indeterminacy. To prevent possible growth in factor matrix816
entries, each time a factor matrix is updated, each of the R columns is normalized using the 2-817
norm and the weights are stored in an auxiliary vector λ. In the distributed algorithm these steps818
can been seen on Lines 21–23 in Algorithm 4. Note that communication is required as the global819
factor matrix column norms are computed.820

On an algorithmic level one can observe why this step is necessary from the objective function821

for updating a single factor matrix in the inner iteration minH(n ) ‖X(n) − H(n)Λ(H(N ) � · · ·H(n+1) �822

H(n−1) · · · � H(1) )‖2F , where Λ is the diagonal matrix with the λ vector as its diagonal values. To823

solve, we simply collapse H(n)Λ together. Thus, when the solve occurs, we are actually computing824

H(n)Λ, which is then normalized to obtain both H(n) and the new λ.825

B.2 Relative Error Computation826

Given a model M = �H(1), . . . ,H(N )�, we compute the relative error ‖X −M‖/‖X‖ efficiently by827
using the identity ‖X −M‖2 = ‖X‖2 − 2〈X,M〉 + ‖M‖2. The quantity ‖X‖ is fixed, and the other828
two terms can be computed cheaply given the temporary matrices computed during the course829

of the algorithm. The second term can be computed using the identity 〈X,M〉 = 〈M(N ),H(N )〉,830

where M(N ) = X(N ) (H
(N−1) � · · · � H(1) ) is the MTTKRP result in the N th mode. The third term831

can be computed using the identity ‖M‖2 = 1T (S(N ) ∗ H(N )TH(N ) )1 where S(N ) = H(1)TH(1) ∗ · · · ∗832

H(N−1)TH(N−1) . Both matrices M(N ) and S(N ) are computed during the course of the algorithm for833

updating the factor matrix H(N ) , so the extra computation involved in computing the relative error834
is negligible. See Lines 29 to 33 in Algorithm 4. These identities have been used previously [38, 43,835
54, 59].836
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ALGORITHM 4: (�λ; H(1), . . . ,H(N )�, ϵ ) = Par-NCP(X,R)

Require: X is an I1 × · · · × IN tensor distributed across a P1 × · · · × PN grid of P processors, so
that Xp is (I1/P1) × · · · × (IN /PN ) and is owned by processor p = (p1, . . . ,pN ), R is rank of
approximation

1: % Initialize data

2: a = Norm-Squared(Xp)
3: α = All-Reduce(a,All-Procs)
4: ϵ = Inf
5: for n = 2 to N do

6: Initialize H
(n)
p of dimensions (In/P ) × R

7: G = Local-SYRK(H(n)
p )

8: G(n) = All-Reduce(G,All-Procs)

9: H
(n)
pn
= All-Gather(H(n)

p , Proc-Slice(n,pn ))
10: end for

11: % Compute NCP approximation

12: while ϵ > tol do

13: % Perform outer iteration

14: for n = 1 to N do

15: % Compute new factor matrix in nth mode

16: M = Local-MTTKRP(Xp1 · · ·pN
, {H(i )

pi
},n)

17: M
(n)
p = Reduce-Scatter(M, Proc-Slice(n,pn ))

18: S(n) = G(1) ∗ · · · ∗ G(n−1) ∗ G(n+1) ∗ · · · ∗ G(N )

19: Ĥ
(n)
p = NLS-Update(S(n),M

(n)
p )

20: % Normalize columns

21: λ = Local-Col-Norms(Ĥ
(n)
p )

22: λ = All-Reduce(λ,All-Procs)

23: H
(n)
p = Local-Col-Scale(Ĥ

(n)
p ,λ)

24: % Organize data for later modes

25: G = H
(n)
p

T
H

(n)
p

26: G(n) = All-Reduce(G,All-Procs)

27: H
(n)
pn
= All-Gather(H(n)

p , Proc-Slice(n,pn ))
28: end for

29: % Compute relative error ϵ from mode-N matrices

30: β = Inner-Product(M(N )
p , Ĥ

(N )
p )

31: β = All-Reduce(β,All-Procs)

32: γ = λT (S(N ) ∗ G(N ) )λ
33: ϵ =

√
(α − 2β + γ )/α

34: end while

Ensure: ‖X − �λ; H(1), . . . ,H(N )�‖/‖X‖ = ϵ

Ensure: Local matrices: H
(n)
p is (In/P ) × R and owned by processor p = (p1, . . . ,pN ), for 1 � n �

N , λ stored redundantly on every processor
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