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Abstract: Understanding the relationship between the chemical structure and physicochemical
properties of odor molecules and olfactory perception, i.e., the structure–odor relationship, remains a
decades-old, challenging task. However, the differences among the molecular structure graphs of
different molecules are subtle and complex, and the molecular feature descriptors are numerous, with
complex interactions that cause multiple odor perceptions. In this paper, we propose to decompose
the features of the molecular structure graph into feature vectors corresponding to each odor per-
ception descriptor to effectively explore higher-order semantic interactions between odor molecules
and odor perception descriptors. We propose an olfactory perception prediction model noted as
HGAFMN, which utilizes a hypergraph neural network with the olfactory lateral inhibition-inspired
attention mechanism to learn the molecular structure feature from the odor molecular structure graph.
Furthermore, existing methods cannot effectively extract interactive features in the large number
of molecular feature descriptors, which have complex relations. To solve this problem, we add an
attentional factorization mechanism to the deep neural network module and obtain a molecular
descriptive feature through the deep feature combination based on the attention mechanism. Our
proposed HGAFMN has achieved good results in extensive experiments and will help product design
and quality assessment in the food, beverage, and fragrance industries.

Keywords: olfactory perception; quantitative structure–odor relationship; hypergraph neural network;
attentional factorization mechanism; lateral inhibition

1. Introduction

Odor is ubiquitous in our daily life. Odor perception descriptors, i.e., odor descrip-
tors, are the sensory impression of a substance that people smell. In daily life, people
may use daily verbal descriptors to describe odors, such as “fruity”, “flowery”, “sulfur”,
etc. With the development of synthetic chemistry, odor products such as perfumes have
achieved more and more extensive development and application. However, synthesiz-
ing odors first requires understanding the relationship between the chemical information
of odor molecules and odor perception, which is also the key to olfactory perception
research. Finding the relationship between the chemical structure and physicochemical
properties of odor molecules and olfactory perception, i.e., the prediction of the quantitative
structure–odor relationship (QSOR), is a challenging task.

With the development of machine learning and deep learning, data-driven methods
have gradually been used to predict the relationship between the chemical structure and
physicochemical properties of odor molecules and olfactory perception [1–3]. Li et al. [4]
published a related study of the random forest-based prediction model, which won the
championship in the DREAM Olfaction Prediction Challenge. The work [5] is based
on the graph neural network (GNN) to predict the odor descriptors of odor molecules,
which treats atoms as nodes, bonds as edges, and constructs molecules as graph structures.
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However, this graph structure construction method is less effective for predicting olfactory
perception of molecules with similar structures but different odors. This problem can be
better solved by considering the “physicochemical odor space”, i.e., adding molecular
feature descriptors that are important for odor prediction. The work [6] combines a simple
deep neural network (DNN) and Xception-based convolutional neural network (CNN) to
predict odor descriptors using molecular feature descriptors and molecular structure graphs
and achieves relatively good results. However, the differences among the structural graphs
of different molecules are subtle and complex. For example, single, double, and triple
chemical bonds are likely to be identified inaccurately in complex molecules with different
odors. In addition, the structural complexity of different molecules varies widely, some are
very simple and some are very complex.

In the field of olfactory perception, each odor molecule has multiple odor descriptors,
and each odor descriptor also corresponds to multiple odor molecules. The olfactory
perception prediction problem can be regarded as a multi-label classification problem.
Unlike single-label classification, multi-label tasks are more challenging because of two
problems: the association of multi-labels with regions in the molecular structure graph,
and the correlation between multi-labels. In recent years, graph neural networks have at-
tracted extensive attention in various research fields and achieved remarkable performance.
Most of the graph neural network models assume that the research objects are pairwise
relationships and cannot model higher-order semantic dependencies. However, in the field
of olfactory perception, the relationship between odor molecules and odor descriptors is
high-order and goes beyond the pairwise relationship, so the simple graph structure cannot
adequately describe this kind of relationship. Hypergraph [7,8] is more convenient for
modeling higher-order data, so we model odor molecule–odor descriptor relationship data
as a hypergraph structure that can better encode higher-order data correlations. To the best
of our knowledge, there is no work on modeling this relation as a hypergraph structure. We
decompose the features of molecular structure graphs into feature vectors corresponding
to each odor descriptor and associate these vectors with hypergraph neural networks to
explore higher-order semantic interactions.

Lateral inhibition mechanism of animal olfaction [9,10] refers to the process in which
active neurons inhibit the activity of adjacent neurons by inhibiting connections. In this
process, the most active olfactory processing channels will stand out. The lateral inhibition
mechanism of animal olfaction plays a very important role in the sharpening and anti-
interference ability of animal olfactory recognition [11]. To imitate the process of animal
olfaction, we add a lateral inhibition-inspired attention map to the convolution module of
the olfactory perception model. We utilize a convolutional neural network with an olfactory
lateral inhibition-inspired attention mechanism to extract the features of the molecular
structure graph. In more detail, the lateral inhibition mechanism is embedded in the
gradient calculation of the convolutional neural network to improve the anti-interference
ability of the model. In the backpropagation of the convolutional neural network, lateral
inhibition is introduced into the hidden neurons of the same layer.

In order to effectively explore the high-order semantic interactions between odor
molecules and odor descriptors and improve the anti-interference ability of the model, we
propose to extract the features of the molecular structure graph using the convolutional
neural network with a lateral inhibition-inspired attention mechanism, and then decompose
the features of the molecular structure graph into feature vectors corresponding to each
odor descriptor. These vectors are then associated through the hypergraph neural network
to learn molecular structure feature vectors from the odor molecular structure graph. We
utilize hypergraph neural networks to learn the relationship between molecular structure
graphs and olfactory perception, which can further enhance the ability of expression
learning to improve the prediction accuracy of olfactory perception.

In addition to the odor molecular structure graphs, “physicochemical odor space” also
plays a very important role in olfactory perception prediction [12,13]. For this purpose,
a large number (tens of thousands) of chemical and physical molecular properties, so-
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called molecular feature descriptors, are calculated using specific software (e.g., PaDEL-
descriptor [14]). In order to deal with the resulting high-dimensional properties space,
statistical decomposition is usually used to obtain the most important dimensions [15,16].
A large number of feature descriptors, such as electronic properties and flexibility of odor
molecules, and their complex interactions reveal the drawbacks of traditional deep neural
networks. Furthermore, not all feature interactions contribute equally to odor classification.
To solve these problems, we add an attentional factorization mechanism to the deep neural
network, which can effectively learn the weighted interactions between various features
and obtain the molecular descriptive features through the deep feature combination based
on the attention mechanism.

In this paper, we propose an olfactory perception prediction model, noted as HGAFMN,
which is a computational framework for classifying and predicting odor molecules. The fea-
tures of the molecular structure graph are first extracted by the convolutional neural
network with a lateral inhibition-inspired attention mechanism, and the features of the
molecular structure graph are decomposed into feature vectors corresponding to each
odor descriptor. Then these vectors are associated through the hypergraph neural network
to learn the molecular structure features from the odor molecular structure graph. In
addition, we use the Deep Attentional Factorization Machine model (DeepAFM) to learn
the importance of the feature interaction through the attention mechanism and effectively
learn the weighted interactions between the molecular descriptive features to learn the
molecular descriptive features from the molecular feature descriptors. It can predict the
odor perception of a given odor molecule and help to understand the general mechanism
of the relationship between the chemical structure and physicochemical properties of odor
molecules and olfactory perception, which can play a positive role in the development of
synthetic fragrance and other industries.

The main contributions of this paper can be summarized as follows:

(1) We propose a neural network model based on hypergraph neural networks and a
deep attentional factorization machine for olfactory perception prediction, solving the
complex interactions problem of the large number of molecular feature descriptors
which is difficult for the existing methods to deal with.

(2) Imitating the olfactory lateral inhibition of animals, we add a lateral inhibition-
inspired attention mechanism to the convolutional neural network of the feature-
semantic interaction module of molecule-odor descriptor to improve the prediction
accuracy of olfactory perception.

(3) We conduct experiments on real-world datasets. Experimental results show that our
proposed HGAFMN achieves good results in olfactory perception prediction.

The remainder of this paper is organized as follows. Section 2 presents the related
work. Section 3 introduces the dataset used in this work and the details of the proposed
model LIFMCN. Experiments and results are discussed in Section 4. Finally, Section 5
concludes the paper.

2. Related Work
2.1. Quantitative Structure–Odor Relationship

In the human cerebral cortex, the interpretation of neural signals produces a represen-
tation called “odor”, which is described semantically by various perceptual descriptors,
such as “floral”, “sulphurous”, etc. The construction of olfactory perception prediction
models, especially the quantitative structure–odor relationship (QSOR) prediction, has
always been one of the difficulties in the field of olfactory research. Early research sug-
gested that human perception of odor is determined by different molecular structures, such
as functional groups, molecular size, carbon chain length, and covalent bond type [17],
and reached some meaningful conclusions. For example, sulfur atoms in odor molecules
are highly correlated with odor descriptors such as “garlic” and “fishy”. Furthermore,
the more complex the molecular structure, the stronger the pleasant properties of the
smell [18]. However, there are many physicochemical properties of odor molecules, and the
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relationships between them and olfactory perception are complex nonlinear relationships.
Therefore, the development of QSOR is currently slow. With the development of computer
technology, QSOR has gradually attracted people’s attention and has become a research
hotspot. Data-driven olfactory perception prediction methods need to be researched on the
basis of olfactory-related chemical or biological information. Input features for these studies
include chemical molecular descriptors (CMD), electronic nose signals, gas chromatography
(GC), electroencephalogram (EEG), physiological signals, and so on.

With the rapid development of machine learning and deep learning, the application of
deep neural networks in many fields has attracted great attention. In 2015, the DREAM
Olfaction Prediction Challenge was successfully held. A total of 476 odorants (i.e., the
well-known DREAM dataset) were provided in the challenge, and the 4884-dimensional
chemical molecular feature descriptors (CMDs) of these odorants were used to score 21 odor
perception descriptors for individuals and groups. Subsequently, Li et al. [4] published a
related study of the random forest-based prediction model, which won the championship
in the DREAM Olfaction Prediction Challenge. It uses random forest as a prediction
model to predict the scores of 21 odor perception descriptors and uses the feature selection
function of random forest to find the 15 most important features of olfactory perception.
Gutierrez et al. [19] applied natural language semantic representation to odor perception
descriptors, which more accurately inferred the perceptual ratings of single-molecule
odorants on a large set of odor perception descriptors. By treating atoms as nodes and
chemical bonds as edges, Sanchez et al. [5] proposed the GNN-QSOR model, which uses a
graph neural network (GNN)-based approach to predict odor perception descriptors for
odor molecules. Similarly, Qiu et al. [20] also regarded atoms as nodes and chemical bonds
as edges and proposed the Odor-GCN model, which is a graph convolutional network
model for predicting odor impressions based on molecular structure. Shang et al. [21]
proposed a SOR prediction approach based on odor descriptor clustering, and molecular
structure features extracted by convolutional neural networks were employed to predict
the odor categories. Combining deep neural network (DNN) and convolutional neural
network (CNN), ref. [6] used a simple DNN to train molecular feature descriptors and
an Xception-based CNN to learn molecular structure graphs to predict odor perception
descriptors, which achieved relatively good results.

Different from these above works, we imitate the lateral inhibition mechanism of
animal olfaction, which plays a very important role in the anti-interference and sharp-
ing ability, and integrate the lateral inhibition mechanism into the olfactory perception
prediction model. In addition, we use hypergraph neural networks to efficiently explore
higher-order semantic interactions between odor molecules and odor descriptors.

2.2. Graph Neural Networks-Based Learning

In the real world, many important datasets are stored in the form of graphs, such as
social network information, knowledge graphs, protein networks, molecular structures, etc.
These graph networks are not structured information images but unstructured information.
A graph usually contains two parts of information: one part is the adjacency matrix,
which is the information about the connection relationship between nodes, and the other
part is the feature matrix, which is the information about the state of the nodes. Graph
Neural Networks (GNN) [22,23] is an extension of neural networks for processing graph-
structured data. GNNs have become a widely used graph analysis method due to their good
performance and interpretability. GNN obtains dependencies in the graph by propagating
information among nodes in the network, and the node updates its own state based on the
state of its neighbors.
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The hypergraph is different from the simple graph. For simple graphs, the degree of
each edge is limited to two, i.e., each edge is linked with two nodes, while the hypergraphs
allow edges with degrees of more than two, that is, each edge can be linked with multiple
nodes. Therefore, the hypergraph neural network [7,8,24] is more convenient for modeling
the correlation of higher-order data. At present, the hypergraph neural network has
been widely used in image classification [25,26], recommendation systems [27–29], disease
diagnosis [30], trajectory prediction [31] and other fields.

The relationships between odor molecules and odor descriptors are higher-order and
go beyond pairwise relationships. However, there is no work on modeling this relation
as a hypergraph structure currently. In this paper, we use hypergraph neural networks to
explore its higher-order semantic interactions and make olfactory perception predictions.

2.3. Lateral Inhibition

The lateral inhibition mechanism of animal olfaction [9] refers to the process in which
active neurons inhibit the activity of neighboring neurons by inhibiting connections. That
is, when a nerve cell is excited, it will have an inhibitory effect on the surrounding nerve
cells, thereby inhibiting the surrounding olfactory processing channels, and the most active
olfactory processing channels will stand out. The lateral inhibition mechanism of animal
olfaction plays a very important role in the anti-interference ability of animal olfactory
recognition [32–34].

The lateral inhibition mechanism has been applied to some neural network models
recently. Mao and Massaquoi [35] analyzed recurrent neural networks with a lateral
inhibition mechanism. They found that lateral inhibition of adjacent neurons in the same
layer made the network more stable and efficient. Cao et al. [36] embedded the lateral
inhibition mechanism into top-down gradient computation for general CNN classification
and applied it to weakly supervised salient object detection. Pais [37] employed a novel
layer inspired by the biological mechanism of lateral inhibition for the task of a multilingual
complex named entity recognition.

To the best of our knowledge, there is no work using lateral inhibition for olfactory
perception prediction. In this paper, we utilize a convolutional neural network with a
lateral inhibition-inspired attention mechanism to extract the feature map of the molecular
structure graph in the HGNN module, which is of great significance for improving the
accuracy of olfactory perception prediction.

3. Materials and Methods

In this section, we will introduce the proposed HGAFMN model for the olfactory
perception prediction task in detail, as shown in Figure 1. The overall architecture is
mainly composed of two modules: the feature-semantic interaction of molecule-odor
descriptor through HGNN and the weighted deep feature combination based on a deep
attention factorization machine. The HGNN module is used to correlate the molecular
structure features related to odor descriptors and explore the semantic interaction. It
learns the molecular structure features from the molecular structure graphs. The deep
attentional factorization machine is used to effectively learn the weighted interactions
between the molecular descriptive features and learn the molecular descriptive features
from the molecular feature descriptors.

3.1. Datasets

In this work, we collected multiple free and public olfactory perception databases,
including odor datasets from OdorRactor, TGSC, Sigma Aldrich, Pubchem, Flavorbase, Aro-
maDB, SuperScent, and Flavornet. There are mainly two types of databases: (a) databases
based on individual perception estimates; (b) chemical databases encoded by one or several
odor perception descriptors. Databases based on individual perception estimates include
the Arctander dataset (3102 odor perceptions estimated by perfumers), the DREAM dataset
(DREAM Olfactory Prediction Challenge dataset, 476 odor molecules with 19 odor descrip-
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tors evaluated by 49 participants), Dravnieks Atlas of Odor Character Profiles (138 single
molecules and 16 mixtures/oils estimated by 150 participants to obtain olfactory percep-
tion described by 146 odor descriptors), Boelens Atlas, etc. The odor databases encoded
by one or more odor perception descriptors include the Goods Scents Company Web
Page (TGSC) (http://www.thegoodscentscompany.com/) (accessed on 1 August 2021),
the Flavor-Base (FLB)-10th Edition database (http://www.leffingwell.com/flavbase.htm)
(accessed on 1 August 2021), Flavornet website (http://www.flavornet.org) (accessed on
1 August 2021), Sigma-Aldrich spice catalog, SuperScent database, OdorRactor database
(http://mdl.shsmu.edu.cn/ODORactor/) (accessed on 1 August 2021), AromaDB, Pub-
Chem (https://PubChem.ncbi.nlm.nih.gov/) (accessed on 1 August 2021), etc. There is
significant homogeneity among the various data sources with respect to olfactory percep-
tion, olfactory characteristics, and evaluator expertise.

Figure 1. The overall architecture of the proposed olfactory perception model HGAFMN.

After removing overlapping and redundant chemical molecules and removing odor-
less molecules, a total of 4032 expert-labeled odor molecules were obtained. At the same
time, odor descriptors were homogenized to convert odors with the same core meaning
or derivation into root odors. To ensure that there are enough samples for experimental
predictions, we kept odor perception descriptors that appeared in at least 50 chemical
molecules, and others were excluded from this study. After processing, we obtained a total
of 3553 odor molecules and 105 odor descriptors, as shown in Figures 2 and 3. Each odor
molecule can have multiple odor descriptors, and each odor descriptor can correspond to
multiple odor molecules. Furthermore, some odor descriptors are very common, such as
“fruity” and “sweet”, while others are rare, such as “potato” or “cedar”. The co-occurrence
matrix of odor descriptors is shown in Figure 4. The color range of the heatmap is log-scaled
and normalized so that each row and column can sum to 1.

http://www.thegoodscentscompany.com/
http://www.leffingwell.com/flavbase.htm
http://www.flavornet.org
http://mdl.shsmu.edu.cn/ODORactor/
https://PubChem.ncbi.nlm.nih.gov/
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Figure 2. Frequency distribution of different odor descriptors.

Figure 3. Number distribution of descriptors of different odor molecules.

fru
ity

sw
ee

t
gr

ee
n

flo
ra

l
wo

od
y

he
rb

ac
eo

us
fa

tty wa
x

fre
sh

sp
icy

cit
ru

s
ro

se
nu

tty
su

lfu
ro

us
ea

rth
y

tro
pi

ca
l

oi
ly

ba
lsa

m
ic

m
ea

ty
ap

pl
e

ve
ge

ta
bl

e
ro

as
te

d
m

us
ty

cr
ea

m
y

pi
ne

ap
pl

e
m

in
ty

po
wd

er
y

et
he

re
al

ca
ra

m
el

pu
ng

en
t

wi
ne

y
be

rry
ph

en
ol

ic
ho

ne
y

dr
y

on
io

n
al

de
hy

di
c

m
et

al
lic

ch
ee

se
pe

ar
bu

tte
ry

va
ni

lla
ca

m
ph

or
ac

eo
us

ba
na

na
or

an
ge fru
it

le
af

y
m

el
on

co
ffe

e
ja

sm
in

e
bu

rn
t

pe
ac

h
an

im
al

al
m

on
d

cle
an

co
co

nu
t

ga
rli

c
ch

oc
ol

at
e

m
us

k
ap

ric
ot

am
be

r
to

ba
cc

o
ch

er
ry

gr
ap

e
al

lia
ce

ou
s

m
us

hr
oo

m
m

ed
ici

na
l

an
isi

c
st

ro
ng

da
iry

co
ol

in
g

co
co

a
vi

ol
et

so
ap

y
na

tu
ra

l
sh

ar
p

pi
ne

fis
hy

co
ok

ed
wa

rm
le

m
on

sa
vo

ry
sp

ice
m

ilk
y

cin
na

m
yl lily

ru
m

m
y

pl
um

hy
ac

in
th

rip
e

fe
rm

en
te

d
sm

ok
y

br
ow

n
gr

ap
ef

ru
it

st
ra

wb
er

ry
ar

om
at

ic
ra

sp
be

rry
gr

as
sy

la
ct

on
ic

ge
ra

ni
um

co
rte

x
es

te
ry

po
ta

to
ce

da
r

co
um

ar
in

ic

Odor perception descriptors

fruity
sweet
green
floral

woody
herbaceous

fatty
wax

fresh
spicy
citrus

rose
nutty

sulfurous
earthy

tropical
oily

balsamic
meaty
apple

vegetable
roasted

musty
creamy

pineapple
minty

powdery
ethereal
caramel
pungent

winey
berry

phenolic
honey

dry
onion

aldehydic
metallic
cheese

pear
buttery
vanilla

camphoraceous
banana
orange

fruit
leafy

melon
coffee

jasmine
burnt

peach
animal

almond
clean

coconut
garlic

chocolate
musk

apricot
amber

tobacco
cherry
grape

alliaceous
mushroom
medicinal

anisic
strong
dairy

cooling
cocoa
violet
soapy

natural
sharp

pine
fishy

cooked
warm
lemon
savory

spice
milky

cinnamyl
lily

rummy
plum

hyacinth
ripe

fermented
smoky
brown

grapefruit
strawberry

aromatic
raspberry

grassy
lactonic

geranium
cortex
estery
potato
cedar

coumarinic

Od
or

 p
er

ce
pt

io
n 

de
sc

rip
to

rs

0.00

0.05

0.10

0.15

0.20

0.25

Figure 4. Co-occurrence matrix for odor descriptors.

PubChem [38] is a public database of chemical substances built by the National
Institutes of Health (NIH). The database contains chemical properties and biological activity
data for small organic molecules, including SMILES numbers (Simplified Molecular Linear
Input Specification Numbers) for odor molecules. By querying the CID numbers of the
collected 3553 molecules in batches on this website, the corresponding SMILES number
dataset can be obtained.

PaDEL-descriptor [14] is a free software application for computing chemical molecular
feature descriptors. By Importing the SMILES numbers of the 3553 odor molecules collected
from PubChem into PaDEL-descriptor, we can use the chemical development toolkit to
calculate 1875-dimensional feature descriptors (1444 one-dimensional and two-dimensional
features, and 431 three-dimensional features) and 12 types of molecular fingerprints descrip-
tor (16,092 bits total). It can calculate atom types, functional groups, number of fragments,
molecular volume, logP, number of atoms, etc., as well as some topological and geometric
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descriptors, and the molecular fingerprint encodes the topological environment of the
molecular graph as a fixed-length vector. In this work, we eliminated all zero-valued
features and the features with the missing term “nan”, so each odor molecule is denoted by
a feature descriptor vector of length 2140 dimensions.

RDKit [39] is an open-source cheminformatics python package. RDKit can convert
SMILES numbers into 300× 300 pixel images (RGB), which are 2D molecular structure
graphs. To highlight chemical information, RDKit draws carbon atoms as black, oxygen
atoms as red, nitrogen atoms as blue, sulfur atoms as yellow, chlorine atoms as green,
and phosphorus atoms as orange. Regardless of the differences in molecular complexity,
the images generated by RDKit are always suitable for the entire molecule, making each
molecule nearly the same size.

After preprocessing, the final dataset contains 3553 odor molecules and 105 odor
perception descriptors. The dataset is multi-labeled, with each molecule linked with one or
more odor perception descriptors. Through the above data collection and preprocessing,
we obtain molecular structure graphs and molecular feature descriptors as the input part
of the olfactory perception prediction model.

3.2. Feature-Semantic Interaction of Molecule-Odor Descriptor through HGNN

Following [7], a hypergraph is defined as G = (V, E, W), where V is a set containing
M vertices and E is a set containing N hyperedges, and each hyperedge ε ∈ E contains
two or more vertices. The hypergraph is assigned a weighted matrix W ∈ RN×N , which is
a diagonal matrix, with Wεε representing the weight of hyperedge ε. A hypergraph can
be represented as an incidence matrix H ∈ RM×N , where Hiε = 1 if the hyperedge ε ∈ E
contains vertex vi ∈ V, otherwise 0. Vertex and hyperedge degree matrices are diagonal
matrices, denoted by D and B, respectively, where Dii = ∑N

ε=1 Wεε Hiε and Bεε = ∑M
i=1 Hiε.

In this paper, Wεε is uniformly assigned to 1, and hence, W is an identity matrix.
Hypergraph convolution can be regarded as a two-stage refinement of the feature

transformation of “node-hyperedge-node” on the hypergraph structure. Through vertex–
hyperedge–vertex transformation, HGNN can effectively capture semantic dependencies
and explore the interaction between the features of molecular structure graphs and the
semantics of odor descriptors, that is, the feature–semantic interaction of the molecule-
odor descriptor.

Figure 5a shows the hypergraph structure for odor molecule–odor descriptor modeling.
Each colored node represents an odor descriptor. Odor descriptors connected by edges of
the same color indicate that these odor descriptors co-occur in the same odor molecules.
Figure 5b is the construction method of the hypergraph. Each hyperedge is abstracted as
a relationship between nodes. The darker the color, the more correlated the node to the
hyperedge. We can choose random values or odor descriptor embeddings to initialize H
and then use the sigmoid function to activate it. To speed up the convergence, we use the
odor descriptor embedding as initialization in this paper.

Figure 5. Hypergraph construction processes. (a) The hypergraph structure for odor molecule–odor
descriptor modeling. (b) The construction method of the hypergraph.

To train and validate the HGNN-based module, molecular structure graphs of size
300 × 300 pixels generated using RDKit were resized to 128 × 128 pixels. Given the molec-
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ular structure graph, ResNet [40] with an olfactory lateral inhibition-inspired attention
mechanism is used to extract the feature maps. The output of the ResNet part is the feature
map Fimage ∈ RW×H×C, where W, H, and C denote the width, height, and channel of the
feature map, respectively.

Inspired by animal olfaction, we add an attention mechanism inspired by lateral
inhibition [36] to the convolutional module of ResNet, as shown in Figures 6 and 7. It
further adjusts the feedback signal to obtain an attention map with lateral inhibition signals,
which improves sharpening and anti-interference ability. Olfactory lateral inhibition is the
process by which activated neurons propagate inhibitory signals to neighboring neurons.
The most relevant neurons can be grouped together through the combination of lateral
inhibition and feedback signals [41]. This part will be explained in detail below.

Figure 6. Lateral inhibition-inspired dynamic convolution.

Figure 7. Lateral inhibition-inspired attention mechanism.

Since the ReLU layer determines which neurons can be activated, we add lateral inhi-
bition to the ReLU layer. For the feedback signal matrix of the ReLU layer, the dimensions
are (W, H, C), where W, H, and C denote width, height, and channel. After feed-forward
training, the gradients are back-propagated, and the inhibition is performed along the
channel axis of the feedback signal. The maximum value in each channel axis is collected
to obtain the Max-map; that is, the max operation is performed on all channel values at
each (w, h) location. Although neurons at the same location share information in the same
receptive field, they represent different patterns in different channels. The lateral inhibition
value xLI

ij of xij is as follows,

xLI
ij = a ∗ e−xij + b ∗∑

uv
(duve−duv δ(xuv − xij)) (1)

δ(x) =

{
x, i f x > 0,

0, i f x ≤ 0.
(2)

where xij denote the point at the location (i, j) in the Max-map, xij is the average value
of the Lateral Inhibition Area consisting of the n× n nearest neighbors of xij in the Max-
map, xuv is the neighbor point of xij in the Lateral Inhibition Area, duv is the Euclidean
distance between xuv and xij, which is divided by n, and a and b are balance coefficients.
The state of a neuron is determined by the signals of itself and its neighboring neurons
through the lateral inhibition model, and the neuron will not be inhibited by neighboring
neurons whose value is lower than that of the neuron, as in Equation (2). The average term
in Equation (1) (the first part of Equation (1)) maximizes the retention of neurons in the
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high-response area, that is, the target area. The differential term in Equation (1) (the second
part of Equation (1)) tries to separate the target area from the background and emphasizes
the sharpening of the boundary to improve the anti-interference ability. In Equation (1),
duve−duv has a functional surface with an inverted “Mexican hat”, which is a computational
model of lateral inhibition in neurobiology [42,43]. It means that the nearest and farthest
neighbors have the least inhibitory effect on central neurons.

xij =

{
xij, i f xij − xLI

ij > 0,

0, i f xij − xLI
ij ≤ 0.

(3)

After lateral inhibition, the activated location is retained, and all other channels in the
inhibition location are set to zero, as in Equation (3). Then, feed-forward or backpropa-
gation is continued to perform again. The gradient or response of each layer is added by
channels, that is, a sum operation is performed on the values of all channels at each (w, h)
location. Then, the gradient or response of each layer is scaled to the same size as the input,
and normalized with the L2 norm to obtain the final attention map. The attention map with
lateral inhibition is added to ResNet to adjust its convolution module. Finally, the feature
map Fimage ∈ RW×H×C of the molecular structure graph is obtained.

To learn the odor descriptors-related features, the semantic decoupling module [44] is
utilized to decouple the image features of molecular structure graphs into semantic-specific
feature representations through odor descriptor embeddings. The module uses a low-rank
bilinear pooling method and an attention function to calculate the attention coefficients.
It pays more attention to the semantic-aware regions and thus learns the feature vector
corresponding to this semantic class. The initial value of the odor descriptor embedding
Esd ∈ RM×N is obtained by the pre-trained GloVe [45] model, where M denotes the number
of odor descriptors, and N denotes the dimension of the odor descriptor feature vector.

To acquire high-order semantic relations automatically, we employ a three-layer hy-
pergraph neural network to correlate the odor descriptors-related feature vectors and propa-
gate information through a hypergraph to explore feature–semantic interactions of molecule-
odor descriptors. Following the suggestion in [46], we remove the learnable matrix and
nonlinear activation function for linear transformations in a hypergraph convolution.
To prevent numerical instability caused by stacking multiple convolutional layers, we
add in symmetric normalization, which can improve numerical stability. The hypergraph
convolutional layer can be denoted as follows,

X(l) = D−1/2HB−1HTD−1/2X(l−1), (4)

where the initial vertex feature X(0) ∈ RM×N is the output of the semantic decoupling
module Fsd.

Through a three-layer hypergraph neural network, the vertex features X(L) ∈ RM×N are
obtained. Following [44], we also concatenate the output vertex feature Fsd of the semantic de-
coupling module with the vertex feature X(L). Then, we input it into the Multilayer Perceptron
(MLP) to obtain the odor descriptor-related molecular structure features zHGNN ∈ Rd:

zHGNN = MLPHGNN([Fsd ⊕ X(L)]), (5)

where ⊕ denotes a concatenation operation between two vectors or matrices.

3.3. Weighted Deep Feature Combination Based on Attentional Factorization Machine

In order to extract the descriptive features of odor molecules, we add an attention unit
to the DeepFM framework proposed by [47] to form a DeepAFM model and obtain the
molecular descriptive features through the weighted deep feature combination based on
the attentional factorization machine. Odor molecular feature descriptors are numerous
and complex, and not all feature interactions contribute equally to odor classification.
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Therefore, it is very reasonable to use DeepAFM to extract descriptive features from
molecular feature descriptors.

The 2140-dimensional molecular feature descriptors generated using PaDEL-descriptor
software are utilized to train and validate the attentional factorization machine-based deep
neural network model. DeepAFM is divided into an attentional factorization machine
(AFM) component [48] and a DNN component, which share the same input, and all pa-
rameters are trained jointly for the combined prediction model. AFM is used for feature
extraction of order-1 features and order-2 features, which are formed by a pairwise combi-
nation of order-1 features, and its output is the sum of the addition unit and the attention
unit; DNN is used for feature extraction of high-order features, which are formed by opera-
tions such as a full connection of order-1 features. Therefore, it can learn both high-order
combination features and low-order combination features.

The AFM component is a factorization machine for learning weighted feature inter-
actions, where FM estimates the target by modeling all interactions between each pair of
features. It can capture order-2 feature interactions more effectively. Especially when the
dataset is sparse, AFM can better learn feature interactions that never or rarely appear in
the training data.

The raw input feature vectors for molecular feature descriptors are typically highly
sparse, ultra-high-dimensional, and grouped by fields (e.g., electronic properties, functional
groups, atomic numbers, etc.). For fields with categorical and binary raw features, after one-
hot encoding, the feature space tends to be highly sparse and high-dimensional, which
makes the network difficult to train. Therefore, the factorization machine is performed on
the order-2 parameter matrix, and the latent variable space V ∈ Rn×k (k is given) is intro-
duced to solve this matrix, where n means that the sparse feature is a n-dimensional vector.

In addition, not all feature interactions contribute equally to odor classification. There-
fore, we extend the attention mechanism [49] to capture the salient structure of molecu-
lar feature descriptors to extract feature interactions that are important for classification.
The AFM component is as follows,

sij = Wsσ(Wa < Vi, Vj > xi · xj + bs) (6)

αij =
exp(sij)

∑n
i=1 ∑n

j=i+1 exp(sij)
(7)

yAFM =< w, x > +
n

∑
i=1

n

∑
j=i+1

αij < Vi, Vj > xi · xj (8)

where w ∈ Rn , Vi ∈ Rk, σ() is the activation function, sij is the attention score, and the
attention value αij denotes the importance of this order-2 feature interaction. The addition
unit (< w, x >) of Equation (8) reflects the importance of the order-1 features, and the
attention unit denotes the influence of the order-2 feature interaction.

Furthermore, the embedding layer is designed to compress the input vector into a
low-dimensional dense real-valued vector, which is then fed into the network to train
latent vectors; otherwise, the network may not be able to train. The overall network is
jointly trained in an end-to-end manner. Following the embedding layer structure in [47],
the output of the embedding layer is denoted as:

a(0) = [e1, e2, . . . , ei, . . . , em] (9)

where ei ∈ Rk is the embedding of i-th field and m is the number of fields. a(0) is a
low-dimensional, dense real-valued vector, which can be easily trained in the network.
The embedding layer is then fed into the AFM component to model order-2 feature interac-
tions and the DNN component to model higher-order feature interactions.
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The DNN component is a feed-forward neural network that learns higher-order feature
interactions. The embedding layer a(0) is fed into the DNN network as follows,

a(l+1) = σ(W(l)a(l) + b(l)) (10)

yDNN = W|H+1| · a|H| + b|H|+1 (11)

where l is the layer depth and |H| denotes the number of layers of DNN. Combining yAFM
and yDNN with a multilayer perceptron (MLP), we obtain the molecular descriptive feature
vector zAFM ∈ Rd of the odor molecule:

zAFM = MLPAFM([yAFM ⊕ yDNN ]) (12)

Then, we combine the molecular structure feature vector obtained in Section 3.2 with
the molecular descriptive feature vector obtained in this section to obtain the final feature
vector zHA of the odor molecule:

zHA = MLPHA([zHGNN ⊕ zAFM]) (13)

where zHA ∈ Rd, and ⊕ represent the concatenation operation between two vectors or
matrices. Finally, we use the output layer to obtain the final predicted odor descriptors of
the odor molecule, and the loss function is as follows:

loss = − 1
C

C−1

∑
k=0

(yklog(σ(lk)) + (1− yk)log(1− σ(lk))) (14)

where yk is the odor descriptor label corresponding to the one-hot encoding, σ(lk) represents
using the sigmoid function to activate the neurons of the output layer, C is the total number
of labels, which is 105 in this paper, and the output layer contains C neurons corresponding
to C classes.

4. Experiments
4.1. Experimental Settings
4.1.1. Baselines and Evaluation Metrics

In this experiment, we treat the odor descriptors prediction of odor molecules in the
dataset (introduced in Section 3) as a multi-label classification problem. We compare our
proposed model HGAFMN with the DREAM Winner model [4], GNN-QSOR model [5],
and DNN-CNN model [6].

DREAM Winner model [4]: It is a random forest (RF)-based model that predicts odor
perception from chemical feature descriptors of odor molecules.

GNN-QSOR model [5]: It treats atoms as nodes, chemical bonds as edges, and con-
structs an odor molecule as a graph structure. It predicts odor perception from the molecular
structure graph of odor molecules.

DNN-CNN model [6]: It uses a simple DNN component to learn descriptive features
from the chemical feature descriptors of odor molecules uses the Xception-based CNN com-
ponent to learn structural features from the molecular structure graph of odor molecules,
and fuses these two components to predict odor perception.

We use precision, recall, F1-score, and AUROC commonly used in classification prob-
lems to evaluate the performance of the above models. The higher the value of precision,
recall, F1-score, and AUROC, the better the model performance. We randomly divided the
entire dataset into three parts: 80% for training, 10% for validation, and 10% for testing.

4.1.2. Hyper-Parameter Settings

We use Pytorch to implement our proposed model. To optimize the objective function,
we use Adam [50] as the optimizer, which performs exponentially weighted average and
regularization on the gradient term, and uses momentum and adaptive learning rates to
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accelerate convergence, with β1 = 0.9, β2 = 0.999, and ε = 1 ×10−4. Overfitting is an eternal
problem when optimizing deep neural network models. To alleviate this problem, we adopt
the dropout strategy [51] in the model, randomly dropping some neurons in the hidden
layer during the training process and set the dropout rate to 0.5. The embedding size is
set to 128 and the initial learning rate is set to 0.001. Furthermore, we use mini-batches for
model training, and each batch size is set to 64. In order to compare the pros and cons of
the model itself, we do not use the pre-trained weights from the pre-trained models such
as VGG-16 and Xception [52,53].

4.2. Performance Evaluation

We conduct experiments on the real-world dataset to compare our proposed HGAFMN
with state-of-the-art methods. Table 1 summarizes the performance metrics of these models.
The best performance is highlighted in bold, while the second best performance is marked
with “†”. Among all models, our proposed HGAFMN achieves the best results in precision,
recall, F1-score, and AUROC. Furthermore, we will analyze the shortcomings of these
comparative models.

Table 1. Comparison of odor descriptor prediction results with other models. The best values for
each metric are in bold, while the second best values for each metric are marked with “†”.

Models Precision Recall F1 AUROC

DREAM
Winner [4] 0.3063 0.3110 0.3082 0.8304

GNN-QSOR [5] 0.3614 0.3701 0.3653 0.8618 †

DNN-CNN [6] 0.5294 † 0.5307 † 0.5301 † 0.7851
Our Proposal 0.6552 0.7701 0.7081 0.8656

DREAM Winner model [4] is a random forest (RF)-based model that relies heavily
on the best feature set for the input classifier. If there is a lot of noise in the training
data, the RF will be overfitted. In addition, odor data are usually obtained by manual
annotation and have a lot of noise, which has some negative effects on the accuracy of RF
classification. Furthermore, since there are no standard rules about the number of features
that will provide a better-performing model, some key information that is required for
accurate prediction may be lost, especially when there are complex correlations among
odor molecules.

The GNN-QSOR model [5] treats atoms as nodes and chemical bonds as edges to con-
struct an odor molecule as a graph structure. It only extracts the structural features of
chemical molecules without using quantitative feature descriptors of odor molecules. A dis-
advantage of GNN-QSOR is that it is difficult to distinguish molecules that are similar in
structure but have different smells. For example, hydrogen cyanide and benzaldehyde have
different structures but similar odors, both with a bitter almond. The carvone enantiomer
R-(–) carvone and carvone have almost the same structures but completely different odors.
The former is spearmint smell, while the latter is caraway smell.

The DNN-CNN model [6] greatly improves the prediction accuracy compared to other
previous models. This model uses the most naive DNN component to learn molecular
descriptive features from molecular feature descriptors, and uses the Xception-based CNN
component to learn molecular structural features from molecular structure graphs. How-
ever, the feature descriptors of odor molecules are numerous with complex interactions.
The model uses a simple DNN to extract molecular descriptive features and does not
consider the feature combinations and interactions of these feature descriptors, which
will cause omissions in feature extraction. Moreover, the differences between the struc-
ture graphs of different molecules are subtle and complex. For example, single, double,
and triple bonds in chemical bonds are easily recognized inaccurately in complex molecules,
which will lead to inaccurate olfactory perception prediction of odor molecules. In addition,
the structural complexity of different molecules varies greatly—some are very simple while
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others are very complex—so the simple Xception-based CNN used in the DNN-CNN
model may ignore some features.

Different from these works above, we integrate the lateral inhibition mechanism into
the olfactory perception prediction model and use the hypergraph neural network to
effectively explore the high-order semantic interaction between odor molecules and odor
descriptors. Moreover, the DeepAFM (Deep Attentional Factorization Machine) model
can learn the importance of each feature interaction through the attention mechanism
and effectively learn the weighted interactions between descriptive features. For these
reasons, our proposed HGAFMN achieves better results than these comparative models in
predicting quantitative structure–odor relationships.

4.3. Experiment Analysis

The loss plot, accuracy plot, and AUROC plot of the proposed HGAFMN are shown
in Figure 8. The valid loss converges to about 1.20, the valid accuracy converges to about
0.74, and the valid AUROC converges to about 0.86.
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Figure 8. The loss plot, accuracy plot, and AUROC plot of the proposed HGAFMN. (a) loss plot,
(b) accuracy plot, (c) AUROC plot.

4.3.1. Ablation Study

In order to study the effect of HGNN-based feature–semantic interaction and atten-
tional factorization machine, we compare model variants of HGAFMN. HGAFMN-HG is
HGAFMN without the HGNN-based feature–semantic interaction module. HGAFMN-
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AFM is HGAFMN without the attentional factorization machine, and HGAFMN-HA is
HGAFMN without the HGNN-based feature–semantic interaction module nor the atten-
tional factorization machine. The experimental results are shown in Figure 9. The prediction
performance of HGAFMN is significantly better than the model variant on both the F1-score
and AUROC.

From Figure 9, we can see that the model HGAFMN-HG without the HGNN-based
feature–semantic interaction module, the model HGAFMN-AFM without the attentional
factorization machine, and the model HGAFMN-HA are worse than HGAFMN. The differ-
ences between the structure graphs of different molecules are subtle and complex, and the
structural complexity of different molecules varies greatly. The HGNN-based feature–
semantic interaction of the molecule-odor descriptor can play an important role in olfactory
perception prediction. In addition, the deep neural network with attentional factorization
machine considers the importance of each feature interaction, and can learn both high-order
combination features and low-order combination features, which improves the performance
of olfactory perception prediction. It shows that HGNN-based feature-semantic interaction
and attentional factorization machines are effective at improving the prediction accuracy of
olfactory perception.
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Figure 9. (a) Experimental results of model variants on F1-score; (b) experimental results of model
variants on AUROC.

4.3.2. Performance Comparison w.r.t Layers of HGNNs

In order to study the influence of the number of layers of HGNN in the HGNN-based
feature–semantic interaction module, we take the number of layers of HGNN as (1, 2, 3, 4),
which are denoted as HGAFMN-1, HGAFMN-2, HGAFMN-3, HGAFMN-4. In addition,
we also replace HGNN with GNN for performance comparison, where the number of
layers of GNN is three, and it is denoted as HGAFMN-G.

The experimental results are shown in Figure 10. It can be seen that the prediction
performance of HGAFMN-2 is better than that of HGAFMN-1, and the prediction per-
formance of HGAFMN-3 is significantly better than that of HGAFMN-2. Furthermore,
the prediction performance of HGAFMN-4 is slightly worse than that of HGAFMN-3.
Experiments show that we obtain the best results when the number of layers of HGNN is
three layers. Moreover, the prediction performance of HGAFMN-G is significantly worse
than that of HGAFMN. It shows that in the feature–semantic interaction module of the
molecular structure–odor descriptors, the model based on the hypergraph neural network
performs better than the model based on the graph neural network. It also illustrates that it
is very reasonable to model the odor molecular structure–odor descriptor relationship data
as a hypergraph structure that can better encode high-order data correlations.
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Figure 10. (a) Performance comparison with respect to layers of HGNNs on F1-score; (b) performance
comparison with respect to layers of HGNNs on embedding size.

4.3.3. Performance Comparison with Respect to Hyper-Parameters

The dropout layer can avoid overfitting by randomly dropping incoming and outgoing
connections in the hidden layer based on the dropout rate during the training process. We
will discuss the effect of the dropout rate on model performance. We take the dropout
rate as (0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7), and the performance is the best when the dropout
rate is 0.5, as shown in Figure 11a. If the dropout rate is too small, the training will be
overfitting. If the dropout rate is too large, it may drop useful features and leave useless
features, resulting in insufficient training.
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Figure 11. (a) Performance comparison with respect to dropout rate; (b) performance comparison
with respect to embedding size.

We also discuss the effect of embedding size on model performance, and the results
are shown in Figure 11b. We set the embedding size to (8, 16, 32, 64, 128, 256, 512). As the
embedding size increases from 8 to 512, the performance of the model first becomes better
and then becomes worse. The performance is best when the embedding size is 128. If the
embedding size is too small, the embedding representation will be rough, and the fitting
ability will be insufficient. If the embedding size is too large, the embedding representation
will become sparse, resulting in performance degradation.

5. Conclusions

Predicting odor descriptors is an important research area in olfactory perception,
with a wide range of applications in virtual reality, food inspection, air quality, etc. In this
paper, we propose an olfactory perception prediction model, noted as HGAFMN, to classify
and predict the odor descriptors of chemical molecules. It is a hypergraph neural network-
based model considering the feature-semantic interaction of molecular structure–odor
descriptors, combined with a deep attentional factorization machine. One part is the molec-
ular structural feature extraction part. To extract structural features from the molecular
structure graph, the features of the molecular structure graph are decomposed into feature
vectors corresponding to each odor descriptor, and hypergraph neural networks are used
to correlate these vectors to explore higher-order semantic interactions. It also adds a lateral
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inhibition-inspired attention mechanism into the convolutional neural network that extracts
the feature maps of molecular structure graphs to improve sharpening and anti-interference
ability. The other part is the molecular descriptive feature extraction part, that is, adding
an attentional factorization machine into the deep neural network. Through weighted
deep feature combination, feature interactions that are important for odor classification are
selected from the numerous and complex interactions of molecular feature descriptors so
as to obtain molecular descriptive features.

In synthetic fragrances and sensory neuroscience, the chemical characterization of
odor molecules is the key to designing new products. The development of the quantitative
structure–odor relationship prediction will help to understand the general mechanisms
underlying the relationship between the chemical structure and physicochemical properties
of odor molecules and olfactory perception. In the future, we will introduce natural
language processing techniques to predict the odor descriptors that are necessary for
constituting the odor perceptual space.
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