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Abstract
Humans can easily capture real world concepts
from multi-modal signals by constructing joint rep-
resentations of these signals. The joint representa-
tions may contain abstract information of multiple
modalities and relationships across the modalities.
Contrary to humans, it is not easy to obtain joint
representations reflecting the structure of multi-
modal data with machine learning algorithms, es-
pecially with conventional neural networks. This
is because these models only have additive interac-
tion across modalities. To deal with this issue, we
propose a novel machine learning algorithm which
captures multiplicative interaction between multi-
ple modalities by using high-order edges. With
these edges, the proposed method is able to learn
the highly non-linear correlation among modali-
ties. In the experimental results, we demonstrate
the effect of this high-order interaction by showing
improved results compared to other conventional
models with a benchmark dataset, MNIST.

1 Introduction
The brain can easily perceive information of the environment
from signals of multiple sensory modalities, including vision,
audition and touch. This perception is facilitated by integrat-
ing of multiple sources of information efficiently, both within
the senses and between them [Burr et al., 2011]. Although
there have been many research to imitate the multi-modal
information processing mechanism of the brain, it still re-
mains a difficult problem. This is because the information
which consists of multiple input modalities has highly dis-
tinct statistical properties and each modality has a different
kind of representation and correlational structure [Srivastava
and Salakhutdinov, 2012]. Also, noise exists at every level
of information processing, which makes the information un-
reliable and inaccurate [Ernst and Di Luca, 2011]. From this
point of view, it is desirable to construct a multi-modal learn-
ing model which can discover the highly non-linear relation-
ship across the modalities to replicate human-level percep-
tion.

A good multi-modal learning model should consist of com-
petent joint representations that satisfy certain properties. It

must be such that similarity in the representation space im-
plies similarity of the corresponding ’concepts’ [Srivastava
and Salakhutdinov, 2012]. Furthermore, if there is noise in
either modality which is uncorrelated with the other modal-
ity, then the joint representations are required to exclude this
noise [Andrew et al., 2013]. In addition, the joint representa-
tions ought to be useful for discriminative tasks.

In this paper, we develop a novel multi-modal learn-
ing model, High-order deep neural networks (HODNN). the
HODNN combines the multi-modal data with high-order in-
teraction to capture highly non-linear correlations among
them.

In the following sections, we first explain the details of the
HODNN. We then demonstrate the effect of high-order in-
teraction in preliminary experiments. Finally we discuss our
results and future work.

2 High-Order Deep Neural Networks
The HODNN connects abstract information of multiple
modalities with high-order edges, which lead to a multiplica-
tive interaction rather than just additive interaction used in
conventional deep neural networks. This high-order interac-
tion not only captures highly non-linear relationship across
the modalities but also suppresses the uncorrelated noise effi-
ciently. In addition, general deep structure is applied to each
modality so as to obtain the balanced abstract information
from each of it [Srivastava and Salakhutdinov, 2012].

Thus, the HODNN consists of two parts: modal-specific
learning layers and a joint representations learning layers.
The modal-specific learning layers have connections only
within each modality, so the highest hidden layers of each
modality represent abstract information of that modality (Fig-
ure 1a). The joint representations learning layers is com-
posed of higher-order interactions between the joint hidden
units and multiple groups of modal-specific hidden units. The
joint hidden units can learn non-linear correlations among the
modal-specific hidden units (Figure 1b).

In detail, the modal-specific learning layers follow a gen-
eral neural networks framework. The hidden representations
h1j of the specific modality(Figure 1a) are obtained by Equa-
tion 1.
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Figure 1: Building blocks of High-order deep neural networks. (a): Modal-specific learning layers, composed of RBM seper-
ately. (b): Joint representations learning layers which capture correlations across the modalities. (c) Factorized version of joint
the representations learning layers. The High-order deep neural networks (in Figure 2) stacks (a) and (c) to compose a deep
architecture.

where σ() is an activation function, which is a sigmoid func-
tion in our work.

In the joint representations learning layers, the weight is
an (n + 1)-way interaction tensor which connects n-groups
of modal-specific hidden units and a group of joint hidden
units. For simplicity, we show the case of a 2-modalities en-
vironment as an example, but it can be easily expanded across
n-modalities case. The joint hidden representations hJointj
(Figure 1b) is obtained from Equation 2.
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Motivated by [Memisevic and Hinton, 2010], the multi-way

Figure 2: Architecture of High-order deep neural networks

factoring method is employed to maintain efficient model

complexity without heavily loosing the capacity of the model
(Figure 1c). As a consequence, we can obtain the joint hidden
representations hjointk as follows:
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The overall HODNN architecture is illustrated in Figure 2. In
the next sections, we explain how the model can be learned
by a general deep learning framework.

3 Learning
As for most of the deep neural networks, HODNN adopts
a strategy of fine-tuning with backpropagation after pre-
training each module. Since the training method of the
modal-specific learning layers can easily be derived in the
same way, in this section, we only focus on how the joint
representations learning layers can be trained.

3.1 Learning: Pre-training
With the presented architecture and activation rules of the
joint hidden units of the HODDN, a high-order Boltzmann
machine can be used as a building block for the joint repre-
sentations learning layers [Sejnowski, 1986]. For clarity, we
use the notation in Figure 1 and refer to h1 and h2 as visible
units and hJoint as hidden units in order to see joint represen-
tations learning layers as an isolated high-order Boltzmann
machine. The high-order Boltzmann machine connects more
than two layers using weight tensor W Joint. Then the joint
probability distribution of P (h1, h2, hJoint) is defined as fol-
low:

P (h1, h2, hJoint) =
1

Z
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In Equation 4, the energy function E(h1, h2, hJoint) is given
by:

−E(h1, h2, hJoint)=
∑
ijk

W Joint
ijk h1

ih
2
jh

Joint
k +

∑
i

bh
1

i h1
i

+
∑
j

bh
2

j h2
j +

∑
k

bh
Joint

k hJoint
k

(5)

where the b indicates the bias of each layer.
To train the model, the negative log-likelihood need to be

minimized by using gradient descent. The derivative of the
negative log-likelihood with regard to parameter θ is given
by:
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Like a standard RBM, the first term (visible expectation)
is easily computed but the second term (model expectation)
is intractable. The contrastive divergence (CD) is an use-
ful method to approximate the second term [Hinton, 2002].
However, the conditional dependency of the visible units
h1i and h2j given hidden units hJoint precludes to utilize
CD as it is. Therefore, a 3-way sampling method is ap-
plied by using Equation in 7, 8 and 9 [Reed et al., 2014;
Susskind et al., 2011].
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As noted earlier, the factoring method is employed to prevent
the number of parameter W Joint

ijk from growing exponen-
tially. With this factoring method, the 3-dimensional weight
tensor W Joint

ijk is replaced by the multiplication of three 2-

dimensional weight matrices Wh1
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There are several research which take a similar approach to
ours in terms of the models [Reed et al., 2014; Susskind et
al., 2011; Nguyen et al., 2015], but these studies do not cover
the multi-modal environment and the deep neural networks
architecture.

3.2 Learning: Fine-tuning
The backpropagation algorithm is well known to fine-tune
the deep neural network. In this section, we demonstrate
that the suggested model can be trained using backpropaga-
tion by providing the following derivative equations ∂hJoint
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Using Equation 11,12 and 13, we can easily obtain the deriva-
tive equation in terms of all weight parameters for backprop-
agation.

4 Preliminary experiment: Effect of
high-order interaction

As preliminary experimental results, we show three results
with MNIST dataset. To focus on the effect of high-order
interaction, only the joint representations learning layers of
HODNN, a factored high-order Boltzmann machine, is used
(Figure 3). Also, the MNIST dataset is utilized which con-
sists of hand written digit images and the corresponding la-
bels. Each image contains 28 × 28 gray scale pixel values
and each label is presented with 10-dimensional one-hot en-
coding vector. While the label vectors are usually used as
targets in discriminative tasks, in our experiments, the image
and the label vectors are used as two different modalities, the
former is for visual information and the latter is for textual in-
formation which indicate the concept ’number’. Thus, as the
two input vectors have highly non-linear relationships, we ap-
ply our model to learn the useful representations by capturing
such relationships. To demonstrate this effect, we conducted
three comparative experiments:

Figure 3: Comparative models for demonstrating the effect of
high-order interaction



Figure 4: Weight vector pairs of randomly selected 25 factors
out of 100. The upper rows are 28×28 dimensions image fil-
tersW image

if and the lower rows are 10 dimensions text filters
W text

jf . The brighter color of filter indicates a higher value of
weight.

• Show the learning weight that represents correlational
structure.
• Explore the learned joint hidden representations space.
• Prove robustness to noise.
To show the competence of our model, a shallow bi-modal

RBM (Figure 3b) is used as a comparative model. The
shallow bi-modal RBM also functions as a module combin-
ing different modalities in conventional multi-modal deep
networks [Srivastava and Salakhutdinov, 2012; Ngiam et
al., 2011]. For impartiality, same architecture and hyper-
parameters (200 hidden units, and 0.001 learning rate) are
used for both module. Also, we used 100 factors for fac-
tored high-order Boltzmann machine. it is worth noticing
that our model has lower complexity than the comparative
model. (the number of weights of shallow bi-modal RBM:
200 × (784 + 10), the number of weights of factored high-
order Boltzmann machine: 200×100+784×100+10×100)

4.1 Learning weight that represent correlational
structure

Factorization leads to a matching of weight (filter) responses
(Wif ,Wjf in Figure 3a). The observed weight pairs from the
trained model can be used to determine how well the model
learns the heterogeneous multi-modal inputs. To look closely,

we visualized only 25 randomly selected weight vector pairs
of factors out of 100 factors (Figure 4). In Figure 4, each pair
of weight vectors consists of two sub images. Upper large im-
ages represents image filters which size is 28× 28 and lower
small images represents 10-dimensional text filters. If an im-
age filter mainly passes visual information of a certain num-
ber, the corresponding text filter also tends to pass the textual
information of that number. In addition, there are some filter
pairs that behave in an opposite way. However, it is obvious
that both of the tendencies support the fact that the model can
effectively capture the relationship between the two hetero-
geneous inputs.

Figure 5: Some examples of 100 corrupted images. The cor-
rupted images are generated by mixing of randomly selected
image of number 1 and other numbers

Figure 6: 2D t SNE visualization of learned representation of
both models using corrupted image information and clear text
information. (a) is for shallow bi-modal RBM and (b) is for
factored high-order Boltzmann machine.



Figure 7: Comparison of learned representations between shallow bi-modal RBM and factored high-order Boltzmann machine.
The upper row shows the shallow bi-modal RBM and lower row shows the factored high-order Boltzmann machine. (a): 2D
t-SNE visualization, (b): 2D ISOMAP visualization and (c): 2D LDP(Linear Discriminent Projection) visualization.

4.2 Learned joint hidden representations space
In order to see how the joint hidden units represent the ab-
stract information across the modalities, 2D embedding algo-
rithm is applied to hidden units of both factored high-order
Boltzmann machine and shallow bi-modal RBM .To ensure
the generality, various techniques are used, which are t-SNE,
ISOMAP and Linear discriminant projection. Figure 7 shows
the embedding results of both models. All three results of fac-
tored high-order Boltzmann machine are more visually dis-
criminative than those of the shallow bi-modal RBM. Also, it
is interesting to notice that the t-SNE embedding result of the
joint hidden representations with factored high-order Boltz-
mann machine looks as if the representations of each number
form their own sub-manifold structure. These interpretations
imply that the representations power of factored high-order
Boltzmann machine is greater than the that of shallow bi-
modal RBM.

4.3 Robustness to noise
To demonstrate how the high-order interaction efficiently
cancels out the noise of either modality which is uncorrelated
with other modality, it is appropriate to compare the joint hid-
den representations of both models when the noisy input is
fed in. For this experiment, we firstly generated a corrupted
dataset which consists of the 100 image inputs of number 1
corrupted by other numbers and corresponding clear text in-
puts of number 1 (Figure 5). The joint hidden representations
of the corrupted dataset are shown with normal dataset by us-
ing 2D t-SNE visualization 6. The big yellow circle is for the
corrupted dataset and others are for the normal dataset. Figure
6a shows the case using shallow bi-modal RBM and Figure
6b shows the case using factored high-order Boltzmann ma-
chine. As expected, in the factored high-order Boltzmann ma-
chine, the representations of the corrupted dataset are located
near the representations of number 1. However, in the shal-
low bi-modal RBM, the representations of corrupted dataset

lie scattered across the numbers. It reveals the property of
high-order interaction that remove the uncorrelated noise in-
formation of either modality based on the other modality.

5 Conclusion
In this paper, we suggest the High-order deep neural networks
for learning representations of multi-modal data which has
highly non-linear relationships. We performed three prelim-
inary experiments to demonstrate the effect of high-order in-
teraction. Based on experimental results, we conclude that the
high-order interaction can capture not only intra-relationships
of multiple modalities but also inter-relationships.

In future works, we aim to apply our model to the study of
event cognition which have emerged over the last years as a
vibrant topic of scientific study. It is an important research
topic because much of our behavior is guided by our under-
standing of events which is what happens to us, what we do,
what we anticipate and what we remember in our daily life
[Radvansky and Zacks, 2014]. For better understanding of
the study, we employ multiple wearable sensors to record the
daily-life of a person. This is because the collected data from
the viewpoint of the first-person plays a significant role in
learning of human behavior [Zhang, 2013; Kim et al., 2016;
Lee et al., 2016]. Through this study, we hope to suggest an
event cognition model which can perceive real-time events in
real-life by using multiple wearable sensors.
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