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ABSTRACT
Given a sparse tensor, how can we accurately capture complex la-
tent structures inherent in the tensor while maintaining the inter-
pretability of those structures? Tensor decomposition is a funda-
mental technique for analyzing tensors. Classical tensor models
provide multi-linear structures that are easy to interpret, but have
limitations in capturing complex structures present in real-world
sparse tensors. Recent neural tensor models have extended the ca-
pabilities of classical tensor models in capturing complex struc-
tures within the data. However, this has come at the cost of in-
terpretability: neural tensor models entangle interactions across
and within latent structures in a black-box manner, making it dif-
ficult to readily understand the discovered structures. Understand-
ing these structures, however, is crucial in applications such as
healthcare, which requires transparency in critical decision-making
processes.

To overcome this major limitation and bridge the gap between
the classical multi-linear models and neural tensor models, we pro-
pose NeuRal Additive TensoR Decomposition (NeAT), an ac-
curate and interpretable neural tensor model for sparse tensors.
The main idea of NeAT is to apply neural networks to each latent
component in an additive fashion. This not only captures diverse
patterns and complex structures in sparse tensors, but also pro-
vides a direct and intuitive interpretation of the structures by be-
ing close to the multi-linear tensor model. We conduct extensive
experiments on six large real-world sparse tensors. NeAT outper-
forms the state-of-the-art neural tensor models in link prediction,
surpassing a linear tensor model by 10% and the second-best neu-
ral tensor model by 4%, in accuracy. Through ablation studies, we
explore various model designs for NeAT to identify key factors
that impact generalization. Finally, we evaluate qualitatively and
quantitatively latent patterns discovered by NeAT, demonstrating
how to analyze the discovered latent patterns in real data obtained
from NeAT.
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1 INTRODUCTION
A tensor or multi-dimensional array is a natural way to represent
higher-order interactions betweenmulti-aspect data. In healthcare
domain, an example of such data includes (patients, medical diag-
nosis, procedure) tuples in Electronic Health Records (EHRs), indi-
cating whether a patient has been diagnosed with a specific medi-
cal procedure. Tensor decomposition is a fundamental method for
analyzing tensors by extracting latent structures. Canonical Polyadic
Decomposition (CPD) and Tucker are classical multi-linear tensor
decomposition models. They have been central to a diverse range
of applications such as healthcare analysis [2, 15], social networks
analysis [4, 27], knowledge base completion [22, 23, 26] and rec-
ommendation [7, 40, 41].

CPD [6, 12] specifically has gained popularity due to its sim-
plicity, uniqueness, and interpretability [20, 32, 35]. As depicted
in Figure 1(a), CPD reconstructs a tensor as a sum of rank-one
components, where each represents unique multi-linear relation-
ships and does not depend on other components. Importantly, this
additive nature of the decomposition simplifies understanding of
the relationships between latent factors within individual compo-
nents and identifying the entities that play a crucial role in these
components [4, 15, 29]. In the above example, CPD discovers soft
co-clustering of (patients, medical diagnosis, procedure) that share
similar interaction patterns within each component. The discov-
ered co-clusterings help to improve transparency in clinical deci-
sions and verify the correctness of the extracted patterns.

Even though CPD is preferred for its interpretability, many real-
world sparse tensors are better explained via complex non-linear
structures, which are often insufÏciently represented by the ad-
dition of rank-one components. This limitation can lead to lower
accuracy of the model in various practical applications. Recent ten-
sor models based on neural networks for sparse tensors have gar-
nered attention, having successfully captured non-linear patterns
in sparse tensors [7, 9, 14, 24, 25, 30, 36, 38]. They have shown
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Figure 1: Comparison of model designs of CPD, NeAT, and neural tensor models with the third mode tensor. In NeAT,
a neural network is applied to each component to achieve interpretability similar to the rank-one component in CPD. In
contrast, the neural tensor model applies a neural network to all components simultaneously, which makes all components
interact within the neural network.

superior performance in tensor completion tasks compared to the
classical tensor models. Even though these approaches enhance
the conventional tensor models with the expressive power of neu-
ral networks, the way they are designed to use neural networks
intermixes components with each other thereby hindering the in-
terpretability of latent components, as illustrated in Figure 1(c).

To address this limitation, we propose NeuRal Additive Ten-
soR Decomposition (NeAT) to accurately model non-linear latent
structures while providing easily interpretable latent components
by respecting the separation of distinct components in a similar
vein as CPD. As illustrated in Figure 1(b), NeAT learns non-linear
structures present in each component by employing individually
parameterized neural networks, unlike existing neural tensor mod-
els that employ neural networks interacting with all components.
Also, NeAT designs the model leveraging the sparsity of tensors
to save significant computations by avoiding conventional tensor
operations. Our contributions are summarized as follows:
• Model. We propose NeAT, a novel neural tensor model that

can learn diverse non-linear structures while enhancing their
interpretability for sparse tensors.

• Performance. Extensive experiments on six large real-world
tensors demonstrate that NeAT shows the state-of-the-art per-
formance in accuracy for sparse tensor completion over all
baselines and shows its ability to capture meaningful patterns
in factors with downstream tasks.

• Interpretability. Finally, we show how NeAT can serve as
a glass-box model instead of a black-box model and provide
meaningful insights into its latent factors.

The rest of this paper is organized as follows. We introduce the
preliminaries and related works in Section 2. We propose NeAT in
Section 3 and present experimental results in Section 4. We sum-
marize the key points and results of our paper in Section 5. The
source code and datasets used in this paper are available at https:
//github.com/dawonahn/NeAT.

2 PRELIMINARIES & RELATEDWORK
We introduce preliminaries of tensor decompositions. We then dis-
cuss their interpretability from the perspective of tensor and addi-
tive models. We also provide an overview of neural tensor models.

2.1 Tensors
Tensors are defined as multi-dimensional arrays that generalize
one-dimensional arrays (or vectors) and two-dimensional arrays
(or matrices) to higher dimensions. Sparse tensors indicate tensors
where the majority of their entries are missing. Traditionally, the
dimension of a tensor is referred to as its order or the number of
modes; the size of each mode is called “dimensionality”. We use
boldface Euler script letters (e.g., X) to denote tensors, boldface
capitals (e.g., A) to denote matrices, boldface lower cases (e.g., a)
to denote vectors. We denote the 8th row vector as a8,:, A th col-
umn vector as aA and (8, A )th entry as 08A . The Frobenius norm
of a tensor X is given by | |X| |� =

√

∑

U ∈Ω G
2
U , where GU is the

U = (81, · · · , 8# )th entry of X and Ω is the set of indices of entries.

2.2 Tensor Decomposition
Weexplain two classicalmulti-linear tensormodels, CPD andTucker
decomposition. CPD [6, 12] approximates an # -order tensor X ∈

R
�1×···×�# as the sum of ' rank-one components as:

X ≈ JA(1) , . . . ,A(# )K =
'
∑

A=1

a
(1)
A ◦ · · · ◦ a

(# )
A , (1)

where ◦ denotes an outer product and a
(=)
A ∈ R�= is the A th col-

umn or component of the =th factor matrix A(=) ∈ R�=×' for
= = 1, · · · , # . Each rank-one component (e.g., a(1)A ◦ · · · ◦ a

(# )
A )

corresponds to the unique latent pattern that simultaneously clus-
ters entities across # modes. Elementwise, Equation (1) is written
as

GU ≈

'
∑

A=1

0
(1)
81A
0
(2)
82A

· · ·0
(# )
8# A

, (2)

where GU indicates the U = (81, · · · , 8# )th entry of X and 0 (=)
8=A

indicates (8=, A )th element of A(=) .
TuckerDecomposition [37] approximates an# -order tensorX ∈

R
�1×···×�# as a core tensor G ∈ R'1×···×'# multiplied by a factor

matrix A(=) ∈ R�=×'= along each mode = as follows:

X ≈ JG; A(1) , . . . ,A(# )K =

'1
∑

A1=1

· · ·

'#
∑

A# =1

6A1 · · ·A# a
(1)
A ◦ · · · ◦ a

(# )
A ,

(3)
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where '= denotes the number of components in the =th factor ma-
trix A(=) ∈ R�=×'= . Note that the entries of the core tensor G in-
dicate the level of interactions between different components. Ele-
mentwise, Equation (3) is written as

GU ≈

'1
∑

A1=1

· · ·

'#
∑

A# =1

6A1 · · ·A# 0
(1)
8=A1

· · ·0
(# )
8=A#

. (4)

Note that CPD can be written as a constrained instance of the
Tucker decomposition where the core tensor is super-diagonal and
'= is identical for all =.

The optimization problem of both tensor models is to find the
best factor matrices and a core tensor by minimizing the difference
between the given tensor and the reconstructed tensor, which is
formulated as:

min
G,A(1) , · · · ,A#

∥X − X̃∥� ⇔ min
G,A(1) , · · · ,A#

∑

U ∈Ω

(GU − G̃U )
2, (5)

where ∥·∥� denotes the Frobenius norm and X̃ or G̃U is the recon-
struction using either CPD in Equations (1) and (2) or Tucker in
Equations (3) and (4). Note that Ω denotes a set of indices of all en-
tries. Alternating least square (ALS) or gradient descent methods
are common approaches to solve this problem [20, 21]. A widely
used application of tensormodels is tensor completion, wheremiss-
ing entries of a tensor are predicted using factor matrices trained
with observed entries, also known as link prediction or missing
entry prediction [8, 10, 16, 17, 28, 34].

2.3 Interpretability
2.3.1 Tensor Models. In the realm of tensor decomposition and in
the context of this paper, interpretability refers to discovering hid-
den patterns in latent components related to original data more
readily. To understand the hidden patterns, we examine the most
influential entities in the components, where highermagnitude val-
ues indicate greater impact. In CPD, each latent component corre-
sponds directly to a unique hidden pattern and the contribution
of entities to each hidden pattern is easy to identify. On the other
hand, Tucker decomposition considers interactions between com-
ponents due to the core tensor, which complicates the interpreta-
tion. Inspired by the additive nature of CPD, we design the pro-
posed model to achieve interpretability. To further improve the in-
terpretability of latent components other than the model design,
various constraints such as non-negativity and sparsity can be ap-
plied to the components [2, 15].

2.3.2 Additive Models. Generalized Additive Models (GAMs) [13]
model non-linear relationships between features and outputs by
summing smooth functions of each feature. This additivity lends
interpretability to the relationships between features and outputs.
More recently, works like Neural Additive Models (NAMs) [3] ex-
tend GAMs to capture non-linear behavior in an additive manner
with neural networks. From the perspective of additive models,
CPD can be thought of as a multi-modal extension of GAMs for
multi-aspect data, and NeAT can be seen as a multi-modal exten-
sion of NAMs.The key difference between the additive models and
tensor models is that tensor models train features (factor matrices)
corresponding to entities.

2.4 Neural Tensor Models
Traditionally, CPD andTucker successfully fit low-rank linear struc-
tures while they often fail to fit tensors including non-linear la-
tent structures [25]. Thus, numerous methods replace multi-linear
operations with neural networks to capture complex structures.
NCF [14] is a matrix factorization model that employs Multi-Layer
Perceptrons (MLPs) to learn multi-linear and non-linear interac-
tions between users and items. NeuRalCP [24] is a Bayesian tensor
decomposition learning MLP where its input is a long concatena-
tion of row factors. NTF [24] exploits a Long Short-Term Memory
(LSTM) network for temporal interactions and MLP to model non-
linear interactions between components for predictive tasks in dy-
namic relational data. CoSTCo [25] leverages two Convolutional
Neural Networks (CNNs) to capture nonlinear interaction across
modes and ranks, and then uses MLPs for aggregating the out-
put of CNNs. It claimed and empirically showed that MLP-based
tensor models are prone to overfit to sparse tensors due to their
dense connections while CNNs avoid this problem. NTM [7] com-
bines two neural networks to learn multi-linear and non-linear re-
lations by considering the inner and outer products for recommen-
dation tasks. POND [36] is a probabilistic tensor decomposition
leveraging Gaussian processes for capturing complex interactions
and CNN to complete a given entry. M2DMTF [9] is a multi-mode
nonlinear deep tensor factorization where each factor matrix is
modeled with two-mode non-linear deep matrix factorization for
tensor completion. JULIA [30] is a framework for a tensor decom-
positionmodel to jointly capture linear and non-linear interactions
in the tensors by combining multi-linear and neural tensor models.
However, the way these models rely on the interaction of different
latent dimensions, makes it complicated to understand concepts of
those dimensions. In contrast, NeAT not only simplifies the discov-
ery of patterns in its latent dimensions as CPD does but also cap-
tures diverse complex structures within components. Furthermore,
we show that, via NeAT, even using MLPs produces the best gen-
eralization if an appropriate design with regularization techniques
is used in contrast to previous work [25].

3 PROPOSED METHOD
We propose NeuRal Additive TensoR Decomposition (NeAT)
to accurately learn non-linear structures present in sparse tensors
and to make those easy to interpret. We describe the details of the
model in the following sections.

3.1 Model
A key challenge in designing our model arises from the question:
How can we efÏciently neuralize each rank-one component? In
other words, how can we efÏciently apply neural networks to each
rank-one component? Given an # -mode tensor X ∈ R�1×···×�# ,
applying a neural network to each rank-one component equals to
dealing with computations proportional to the size of the given
tensor. This is especially impractical for real-world sparse tensors
that have high dimensionality, due to the high computational costs.

To address this, NeAT leverages the sparsity of the tensor, con-
sidering only observed entries (nonzeros) instead of the entire ten-
sor; it replaces a linear product to neural network operations be-
tween elements of each component corresponding to indices of
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Table 1: Summary of six real-world sparse tensors.

Name Dimensionality Nonzeros Sparsity

DBLP 1 4,057 × 14,328 × 7,723 94,022 2.1e-07
MovieLens 2 610 × 9,724 × 4,110 100,836 4.1e-06
YELP 3 70,818 × 15,580 × 109 335,022 7.1e-07
FS-NYC 4 1,084 × 38,334 × 7,641 225,701 2.8e-06
FS-TKY 4 2,294 × 61,859 × 7,641 570,743 5.3e-07
Yahoo-M 5 82,309 × 82,308 × 168 785,749 6.9e-07
1 https://github.com/Jhy1993/HAN
2 https://files.grouplens.org/datasets/movielens/ml-latest-small-README.html
3 https://www.yelp.com/dataset
4 https://sites.google.com/site/yangdingqi/home/foursquare-dataset
5 https://webscope.sandbox.yahoo.com/catalog.php?datatype=r

Also, Table 3 and Figure 6 in Section 4.6 exhibits that applying
dropout is highly effective in better generalization. We further nor-
malize inputs for MLPs and apply dropout to each layer inside neu-
ral networks, excluding the final one for further stable training.

3.3 Complexity Analysis
We analyze space and time complexities of our model. The total
dimensionality of an # -mode tensor is denoted as � = �1 + · · · �# ,
where �= represents the size of the =th mode, and the rank is de-
noted as '. The maximum size of the hidden dimension of neural
networks is denoted as � = <0G (31, · · · , 3; ) and the depth is de-
noted as !. The total number of parameters in NeAT is O(�' +

'!�2). The number of parameters for factor matrices is �' and for
MLPs isO('!�2) where each has approximately equal to !�2 pa-
rameters (#31 + 3132 + · · · + 3;−13; + 3; ). The time complexity of
NeAT is linear with regard to the number of observed entries and
independent to the size of a given tensor.Thus, the time complexity
for all observed entries, isO( |Ω |'!�2), when forwarding a single
tensor entry through each neural network, it takesO('!�2) com-
putational cost.

We employ shallow networks (e.g., two layers) for most of ex-
periments, showing the best link prediction performance.With the
two-layer MLPs, computational costs for processing each entry be-
comes much smaller such as O('�). Also, the parameters of neu-
ral networks are much less than the factors O(�') since � is much
larger than � .

4 EXPERIMENTS
We conduct experiments to answer the following questions.

Q1 Performance (Section 4.2). How accurately does NeAT
perform in link prediction?

Q2 Interpretability (Section 4.3). Is NeAT interpretable?
Q3 Pattern Discovery (Section 4.4). Can NeAT learn mean-

ingful patterns in components?
Q4 Ablation Study (Section 4.5). How do model designs af-

fect performance?
Q5 Hyper-Parameter Study (Section 4.6). How do hyperpa-

rameter settings affect performance?

4.1 Experimental Setting
We conduct experiments on a machine equipped with an AMD
Ryzen CPU and an NVIDIA RTX A6000. We provide the details
of the experimental setup in the following paragraphs.

4.1.1 Datasets. We use six real-world sparse tensors to evaluate
the performance of the proposedmethod to the baselines.The datasets
are summarized in Table 1. MovieLens [11], YELP, and Yahoo-M
are movie, business, and music rating datasets consisting of (user,
item, timestamp). FS-NYC [39] and FS-TKY [39] are check-in datasets
consisting of (user, venue, timestamp), collected by Foursquare in
New York and Tokyo, respectively. Each entry G8, 9,: of each tensor
is binary indicating if a user 8 is associated with an item 9 (e.g.,
movie, venue) at the timestamp : . DBLP is a computer science
bibliography network consisting of (author, paper, terminology)
, representing whether an author 8 published a paper 9 including a
terminology : . We split a tensor into training, validation, and test
datasets with an 8:1:1 ratio. We randomly sample negative samples
with the same number of observed entries as in the split dataset.

4.1.2 Baselines. We compare NeAT to five baselines which con-
sist of multi-linear and neural tensor decomposition models.

• CPD is a standard CPD with an L2 regularization.
• TucKER [5]1 is a Tucker decomposition model without or-

thogonal constraints on factormatrices for knowledge graph
completion.

• NCF [14]2 is a collaborative filteringmodel extended for ten-
sors, learning linear and non-linear structures with MLP.

• CoSTCo [25]3 is a tensor completion model learning non-
linear structures with two 1-d CNNs and 2-layer MLPs.

• NTM [7] is a tensor decomposition model that combines the
inner product and the neuralized outer product via MLP to
learn both linear and non-linear structures.

4.1.3 Training. We employ Adam to optimize all models. We train
all baselines except for CPD with a binary cross entropy as speci-
fied in Equation (10) since CPD shows better performance with a
reconstruction loss. We select all hyper-parameters via a combina-
tion of grid search and Bayesian optimization based on early stop-
ping. We find learning rates from {10−2, 10−3, 10−4}, weight de-
cays from {10−3, 10−4, 10−5}, and ranks from {8, 16, 32, 64, 128}

for all models.We also find dimension sizes of layers from {8, 16, 32,
64, 128}, and layer depths from two to four, and batch sizes from
{512, 1024} for all neural tensor models.

4.1.4 Metrics. To evaluate the interpretability of NeAT and base-
lines, we examine the homogeneity of extracted patterns in compo-
nents. If each component consists of homogenous patterns, it is eas-
ier to distinguish it from the others, making the extracted pattern
more interpretable. In our experiment, we use auxiliary informa-
tion (e.g., labels) to evaluate homogeneity of components; we use
the labels of the top  entities to create a top- label distribution.
We derive two interpretability metrics: 1) AE (average entropy of
the top- label distribution) and 2) JSD (average Jenson-Shannon
distance between the top- label distributions). The AE evaluates
1https://github.com/ibalazevic/TuckER
2https://github.com/guoyang9/NCF
3https://github.com/USC-Melady/KDD19-CoSTCo
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Table 2: Accuracy of NeAT and baselines in link prediction. NeAT is superior to all baselines in six real-world sparse tensors
across different rank sizes. Note that the best-performing method is denoted in bold.

DBLP MovieLens YELP

Model \ Rank 8 16 32 64 128 8 16 32 64 128 8 16 32 64 128

CPD 0.918 0.926 0.925 0.917 0.903 0.911 0.918 0.923 0.923 0.916 0.781 0.772 0.765 0.761 0.760
TucKER 0.834 0.837 0.946 0.966 0.965 0.902 0.919 0.934 0.941 0.944 0.829 0.831 0.831 0.833 0.826
NCF 0.834 0.836 0.821 0.937 0.879 0.981 0.985 0.987 0.989 0.988 0.840 0.846 0.849 0.849 0.852
CoSTCo 0.933 0.948 0.956 0.939 0.932 0.978 0.983 0.986 0.989 0.990 0.838 0.846 0.849 0.857 0.858
NTM 0.885 0.911 0.887 0.882 0.828 0.953 0.948 0.954 0.958 0.959 0.796 0.798 0.807 0.827 0.830
NeAT (Proposed) 0.942 0.960 0.969 0.973 0.976 0.981 0.984 0.988 0.990 0.991 0.835 0.836 0.854 0.857 0.864

FS-NYC FS-TKY Yahoo-M

Model \ Rank 8 16 32 64 128 8 16 32 64 128 8 16 32 64 128

CPD 0.803 0.816 0.824 0.821 0.787 0.869 0.876 0.870 0.863 0.809 0.802 0.794 0.820 0.811 0.804
TucKER 0.805 0.811 0.816 0.829 0.838 0.852 0.854 0.870 0.876 0.881 0.866 0.879 0.886 0.891 0.908
NCF 0.794 0.796 0.817 0.818 0.825 0.854 0.860 0.859 0.861 0.875 0.826 0.851 0.845 0.870 0.888
CoSTCo 0.806 0.816 0.824 0.833 0.833 0.862 0.869 0.875 0.876 0.878 0.841 0.806 0.819 0.845 0.838
NTM 0.762 0.776 0.778 0.796 0.805 0.833 0.834 0.839 0.843 0.844 0.836 0.833 0.828 0.846 0.857
NeAT (Proposed) 0.811 0.830 0.845 0.851 0.849 0.861 0.873 0.881 0.887 0.887 0.917 0.927 0.925 0.918 0.915

whether each component per mode represents a distinct latent pat-
tern. Lower entropy indicates higher occurrence of certain labels,
making components more distinguishable. The JSD evaluates how
well the A th component across the mode clusters together based
on specific labels. The lower the distance is, the better components
clusters. The AE is defined as follows.

�� =
1

# × '

#
∑

==1

'
∑

A=1

� (p
(=)
A ), (12)

where � (p
(=)
A ) = −

∑"
<=1

p
(=)
A (<) log p

(=)
A (<) and # , ', and "

denotes the number of modes, the rank, and the number of labels.
Here,

p
(=)
A ∈ R"×1

=
1

 
[?

(=)
A1

· · · ?
(=)
A"

] (13)

indicates the top- label distribution for A th column in the =th fac-
tor matrix, where ? (=)A< = |{8= ∈ �

′

= |;8= = !<}| indicates the number
of indices having the label !< and � ′= indicates a set of indices of
top-: values in a

(=)
A . The JSD is defined as follows.
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where � indicates Jenson-Shannon distance defined as
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1

2
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1

2
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(=)
A + p

(=′)
A ).

4.2 Link Prediction
We evaluate NeAT and baselines on the link prediction task in
terms of accuracy with six real-world sparse tensors across differ-
ent ranks. For all models, we repeat experimental results averaged
over three runs with optimal hyper-parameters and a fixed rank.

Table 2 describes that NeAT consistently demonstrates superior
accuracy compared to all baselines including multi-linear models,

CPD and TucKER, and neural tensor models, NCF, CoSTCo, and
NTM, across all six datasets. NeAT consistently shows a stable and
increasing trend in performance as the rank increases. This can
be attributed to two factors: 1) the sum of individually parame-
terized components prevents the model from becoming overly ex-
pressive while capturing diverse patterns, and 2) dropout on com-
ponents prevents reliance on specific components when they are
training, resulting in a better generalization. For MovieLens and
YELP, neural tensor models show better accuracy over multi-linear
tensor models even at lower ranks (e.g., 8 or 16), indicating the
presence of complex latent patterns in these datasets. This demon-
strates that NeAT is able to capture complex structures without
underfitting, as other neural tensor models do. For DBLP and FS-
TKY, CPD performs well at lower ranks compared to neural ten-
sor models, and neural tensor models trained with even higher
ranks show marginal improvements in performance over multi-
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