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Abstract

Molecular odor prediction is the process of us-
ing a molecule’s structure to predict its smell.
While accurate prediction remains challenging, Al
models can suggest potential odors.  Existing
methods, however, often rely on basic descrip-
tors or handcrafted fingerprints, which lack expres-
sive power and hinder effective learning. Further-
more, these methods suffer from severe class im-
balance, limiting the training effectiveness of Al
models. To address these challenges, we propose
a Feature Contribution-driven Hierarchical Multi-
Feature Mapping Network (HMFNet). Specifi-
cally, we introduce a fine-grained, Local Multi-
Hierarchy Feature Extraction module (LMFE) that
performs deep feature extraction at the atomic
level, capturing detailed features crucial for odor
prediction. To enhance the extraction of discrim-
inative atomic features, we integrate a Harmonic
Modulated Feature Mapping (HMFM). This mod-
ule dynamically learns feature importance and fre-
quency modulation, improving the model’s capa-
bility to capture relevant patterns. Additionally, a
Global Multi-Hierarchy Feature Extraction module
(GMEFE) is designed to learn global features from
the molecular graph topology, enabling the model
to fully leverage global information and enhance
its discriminative power for odor prediction. To
further mitigate the issue of class imbalance, we
propose a Chemically-Informed Loss (CIL). Ex-
perimental results demonstrate that our approach
significantly improves performance across various
deep learning models, highlighting its potential to
advance molecular structure representation and ac-
celerate the development of Al-driven technolo-
gies.

1 Introduction

Odor, a key sensory characteristic, significantly influences
consumer experience and product perception [Keller et al.,
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2017]. By understanding the molecular structure-odor rela-
tionship, Al models can predict how molecules interact with
the human olfactory system [Sharma er al., 2021; Liu et al.,
2022a). In personalized medicine, Al-based odor prediction
helps create custom scents for individual health and wellness
needs [Zhang et al., 2018]. These innovations highlight AT’s
transformative potential to advance critical technologies in
biotechnology, health, and environmental sciences.

Early approaches primarily relied on chemistry-based sta-
tistical machine learning techniques [Ji et al., 2023]. How-
ever, with advancements in artificial intelligence, modern
methods now predominantly utilize deep learning technolo-
gies, such as graph neural networks [Wu et al., 2020; Lee
et al., 2023], to model the intricate interactions between
molecular structures and odor. Existing methods face sig-
nificant challenges in capturing the complex relationship be-
tween molecular structure and odor. Traditional atomic-level
features and handcrafted fingerprints fail to adequately rep-
resent these interactions due to their limited expressiveness.
Furthermore, class imbalance in odor descriptors exacerbates
model bias [Saini and Ramanathan, 2022], hindering effec-
tive prediction.

To address the aforementioned issues, we propose a Hier-
archical Multi-Feature Mapping Network (HMFNet). Specif-
ically, it consists of a fine-grained Local Multi-Hierarchy
Feature Extraction module (LMFE) and a Global Multi-
Hierarchy Feature Extraction module (GMFE). LMFE per-
forms deep feature extraction on single-structure matrices,
such as atomic, bond, and molecular structure data, to cap-
ture fine-grained local features that are more beneficial for
odor prediction. To better extract discriminative features from
atomic information, we design a Harmonic Modulated Fea-
ture Mapping (HMFM), which enhances the model’s effi-
ciency in utilizing molecular features by dynamically learn-
ing feature importance and applying frequency modulation.
This improves the model’s ability to handle the complex rela-
tionships between molecules and odors. GMFE learns global
features from the molecular graph’s topological structure,
molecular fingerprints, and global chemical properties, lever-
aging global information to improve discriminative power for
odor prediction and further enhancing the model’s capabil-
ity to manage complex molecule-odor relationships. Addi-
tionally, we integrate components such as label correlation
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Figure 1: (a): The concrete structure of fine-grained Local Multi-Hierarchical Feature Extraction; (b): The concrete structure of Global Multi-
Hierarchy Feature Extraction; (c): The concrete structure of Harmonic Modulated Feature Mapping; (d): The architecture of the proposed

overall framework.

to design a Chemically-Informed Loss (CIL), specifically tai-
lored to address the class imbalance problem in molecular
odor prediction, thereby improving the model’s performance.
Our main contributions are as follows:

* We propose LMFE that performs deep feature extrac-
tion to capture fine-grained features critical for odor pre-
diction. To further enhance the extraction of discrim-
inative atomic features, we design HMFM. This mod-
ule dynamically learns feature importance and applies
frequency modulation, improving the model’s ability to
capture complex odor-molecular relationships.

We propose an improved loss function, Chemically-
Informed Loss, which incorporates multiple compo-
nents. This multi-faceted design addresses issues of
class imbalance, improves the model’s focus on mi-
nority classes, and fosters better learning of label co-
occurrence relationships.

We propose HMFNet, a multi-hierarchical framework
that enhances odor prediction by integrating GMFE into
LMEFE, effectively capturing feature information from
local to global levels. Experimental results confirm that,
guided by the CIL, our approach achieves state-of-the-
art performance.

2 Related Work

Molecular odor prediction has become a key research focus
across chemistry, neuroscience, and computer science. With
the advent of machine learning, many studies now employ
computational methods to predict the olfactory properties of
molecules. Early research explored the relationship between
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molecular structure and odor through chemical parameters.
For example, PaDEL-Descriptor [Yap, 2011] calculates 797
molecular descriptors and 10 types of fingerprints, includ-
ing electro-topological state descriptors and molecular vol-
ume, which are essential for quantitative structure—activity
relationship (QSAR) studies. Despite its extensive library,
PaDEL-Descriptor faces challenges in processing speed and
its ability to handle large molecules. To overcome these lim-
itations, Mordred [Moriwaki et al., 2018] introduced a more
advanced descriptor calculation tool, capable of computing
over 1,800 2D and 3D molecular descriptors. Mordred is at
least twice as fast as PaDEL and can handle large molec-
ular descriptors that other tools cannot. With its high per-
formance, ease of use, and comprehensive descriptor library,
Mordred has become a key resource in cheminformatics, es-
pecially for structure—property relationship studies. While
descriptor-based feature extraction remains important, ma-
chine learning techniques are increasingly driving advance-
ments in molecular odor prediction. Graph neural networks
(GNNs) [Wu et al., 2020] have proven effective in model-
ing the complex relationship between molecular structure and
odor perception. More recently, Lee et al. [Lee ef al., 2023]
employed GNNs to create an odor mapping that preserves
perceptual relationships, facilitating quality prediction for un-
characterized odor molecules. In prospective validation on
400 unseen odor samples, the POM model’s odor profiles
were closer to the training group’s mean than the median,
confirming its reliability as a prediction tool. This model out-
performed traditional cheminformatics methods, effectively
encoding the structure—odor relationship. This approach not
only enhances our understanding of odor prediction but also
advances molecular odor prediction.
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3 Methodology

3.1 Overview

Molecular odor prediction aims to predict odor descriptors
based on molecular structures, offering significant benefits
in fragrance design, environmental monitoring, and person-
alized health products. However, existing methods face chal-
lenges in capturing the complex relationships between molec-
ular structures and odor properties, as well as dealing with
data imbalance, which affects model performance.

To address these issues, we propose a Hierarchical Multi-
Feature Mapping Network (HMFNet), the detailed structure
is shown in Figure 1. Our method includes a local to global
molecular feature extraction technique, which enhances fea-
ture richness by incorporating atomic-level, bond-level, and
global descriptors. This allows the model to better capture the
complex relationships between molecular structure and odor,
improving prediction accuracy. For a detailed description, re-
fer to Sections 3.2 and 3.3. We also introduce a novel molec-
ular feature mapping method, Harmonic Modulated Feature
Mapping (HMFM), which dynamically adjusts feature con-
tributions through importance learning and frequency mod-
ulation. This enables the model to effectively capture com-
plex relationships, improving the overall predictive perfor-
mance of molecular odor characteristics, the specifics are
discussed in Section 3.2. Lastly, we design a Chemically-
Informed Loss (CIL) function to address class imbalance and
inter-label dependencies. By incorporating structural simi-
larity constraints, label correlation integration, and adaptive
energy adjustments, CIL enhances the model’s ability to han-
dle imbalanced datasets, particularly improving predictions
for minority odor descriptors, detailed description in section
3.4.

3.2 Fine-grained Local Multi-Hierarchy Feature
Extraction Module (LMFE)

To capture fine-grained local features that are more beneficial
for odor prediction, we design a fine-grained Local Multi-
Hierarchy Feature Extraction module (LMFE). LMFE per-
forms deep feature extraction on single-structure matrices
such as atomic and bond data. Specifically, based on RDKit
[Wong et al., 2024], for each atom v, its feature representa-
tion is X7, where A represents the characteristic number of
atoms. For each chemical bond o, its feature representation is
VA4 f , where P represents the characteristic number of chemi-
cal bonds.

In molecular odor prediction tasks, existing methods [Saini
and Ramanathan, 2022; Schicker et al., 2023] struggle to
learn non-smooth objective functions and address the issue of
mixed feature dimensions, make traditional feature mapping
methods insufficient for effectively capturing these multidi-
mensional relationships. To overcome this issue, we propose
a novel Harmonic Modulated Feature Mapping (HMFM)
method based on feature importance learning and frequency
modulation. To achieve this, we introduce a feature impor-
tance layer and a frequency modulation layer. The modu-
lation, combined with base frequencies, forms periodic and
phase encoding, effectively capturing the complex relation-
ships between molecular features and odors.
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Specifically, for each atomic feature, we learn its rela-
tive importance in odor prediction through the feature impor-
tance layer, enabling the model to adaptively adjust each fea-
ture’s impact on the final prediction. Given the input feature
X € RNV*A where N is the batch size, the feature impor-
tance weight wiy, € RV*4 is calculated through the fol-
lowing steps:

Wimp = 0 (LN (Linear(X))) (1

where o is the Sigmoid activation function, Linear(-) is
a linear transformation, and LN () is layer normalization.
The resulting wi,,,,, represents the learned importance of each
atomic feature.

Next, the weighted features X’ are obtained by element-
wise multiplication of the feature X and the importance
weights Wi

X' = Wimp © X )

where © denotes the element-wise multiplication.

To apply different frequency responses to various features,
we design a frequency modulation mechanism. By learning
to modulate atomic features, we dynamically adjust the fre-
quency of each feature, enabling dynamic adaptation between
feature importance and frequency. Specifically, we apply the
frequency modulation layer on the input features X’. This
layer generates a modulation coefficient f € RY*P where
D represents the output feature dimension. The frequency
modulation coefficient is computed as:

f = o (Linear(X")) (3)

The obtained frequency modulation coefficient f is then
multiplied element-wise with a base frequency coefficient b
to obtain the modulated frequency coefficients m:

m=bof “4)

The base frequency coefficient b is pre-calculated using
/t

the formula b = 270 o where o’ represents the standard
deviation, and ¢ denotes the index of the feature dimension.
Once the modulated frequency coefficients are obtained,
we combine them with the weighted feature X’ to generate
periodic and phase encodings. Specifically, the encoding re-

sult is calculated through the following steps:
Xencoded =M © X' (5

Then, the cosine and sine values of X, codeq are computed:
COS(Xencoded) ) Sin(Xencoded) .

Finally, the feature mapping X 7,54 is obtained by concate-
nating the cosine and sine values along the feature dimension:

Xfinal = Concat(COS(Xencoded)y Sin(Xencoded)7 dim = _(é))
where concat denotes the concatenation operation.

The final features, X t;,q; and the bond features Z, are
passed through two encoders to form the molecular graph
representation ;4. This representation is then processed
through a GAT Network [Veli¢kovi¢ et al., 2017] and a pool-
ing layer to obtain the enhanced features I }ma .-
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Figure 2: Co-ocurrence matrix of Top 20 odor descriptors.

3.3 Global Multi-Hierarchy Feature Extraction
Module (GMFE)

Additionally, to further enhance the model’s ability to han-
dle complex molecule-odor relationships, we design a Global
Multi-Hierarchy Feature Extraction module (GMFE). GMFE
learns global features from the molecular fingerprints and
global chemical properties, effectively leveraging global in-
formation to improve the model’s discriminative power for
odor prediction. We compute three types of molecular fin-
gerprints based on RDKit: Morgan fingerprint [Rogers and
Hahn, 2010], MACCS fingerprint [Durant et al., 2002], and
Topological fingerprint [Nilakantan et al., 1987]. The feature
vectors for Morgan, MACCS, and Topological fingerprints
are denoted as G'arorgan, Gmaccs, Gropo. By concatenat-
ing these fingerprint vectors, we obtain the overall molecular
fingerprint representation:

Gfg = Concat(GMorgana G]WACCSv GTopo) @)

where concat denotes the concatenation operation.

We utilize a Transformer-based [Vaswani, 2017] approach
for the SMILES strings to obtain a global chemical property
representation of the molecule. The molecules are labeled
and embedded into vectors, with the resulting feature repre-
sentation denoted as G ,nizes-

The resulting G4 and Ggmies are passed through two
identical MLP layers to obtain the final G f;p,q; is then com-
bined with the enhanced [ }mal to form the final representa-
tion.

3.4 Chemically-Informed Loss (CIL)

To address data imbalance in molecular odor prediction,
we propose a Chemically-Informed Loss function compris-
ing four key components: weighted binary cross-entropy
(BCE) loss [Mao et al., 20231, chemical property energy loss,
sample-level multi-label constraint loss, and label correlation
loss. Each component is designed based on a deep under-
standing of molecular features, aiming to overcome the lim-

itations of existing methods in handling complex chemical
information and multi-label prediction. To address the class
imbalance in odor descriptors, we introduce a weighted BCE
loss. Specifically, the weight w; for each class is computed
based on the ratio of positive to negative samples and is ad-
justed dynamically during training:

Wheg,j
Whos,j
where W5 ; and Wi ; represent the numbers of positive
and negative samples for the odor descriptor j. To pre-

vent training instability caused by very large or very small
weights, the weights are limited to the range [0.1, 10].

1 N M
Lbpasis = — N Z Z wy
i=1j=1 )
(Y 1og(¥i,) + (1= Yi,) log(1 = ¥i,)]

w; € [0.1,10] ®)

wj; =

where N is the batch size, and M is the number of classes
(i.e., the number of odor descriptors), Y; ; € {0,1} indi-
cates whether molecule ¢ has the odor descriptor j (1 means
present, and 0 means absent). YZ ; represents the predicted
probability of the model, which indicates the likelihood that
sample ¢ has the odor descriptor j.

Additionally, we introduce an “energy” [Choi et al., 2023]
function related to molecular odor features, which sets a tar-
get energy for each odor descriptor, constraining the model’s
learning process to ensure its predictions align with chemi-
cal properties and physical laws. Specifically, if the predicted
probability of molecule i for odor descriptor j is denoted as
Yi, j» the energy Eepergy (j) of odor descriptor j is defined as
the average prediction probability of this descriptor across the
entire sample set:

>

1 N
Eenergy(7) = 5 D_ Vs (10)
i=1

We introduce a constraint loss based on chemical property
energy, with energy m;, and mg,;. The target energy m;, is
set to 1 for samples with odor descriptors, and 1M, is set to
0 for those without. These targets are optimized using a label
co-occurrence matrix Ceo_occurrence, reflecting the frequency
of odor descriptor co-occurrence. Descriptors that frequently
co-occur are assigned higher energy targets, improving the
model’s understanding of their interrelationships. The energy
target formula is:

N
1
Min = 1+ ¢ - diag (NZYZTYJ (11)
i=1

N
. 1 T
Meout = C - dlag (N Zl(]- - Yl) (1 - K)) (12)
Here, we conducted comparative experiments on the hyperpa-
rameters ¢ = 0.2 with detailed results provided in Appendix
A.2. c controls the extent to which label co-occurrence re-
lationships influence the adjustment of energy targets. This
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Method Evaluation Metrics
Node Edge Fingerprint Token HMFM CIL F1 score AUROC
v X X X X X 0.3400 0.9239
v v X X X X 0.4167 0.9356
v v X X v X 0.4393 0.9337
v v X X v v 0.4757 0.9233
v v v X X X 0.4385 0.9207
v v v v X X 0.4400 0.9221
v v v v v X 0.4508 0.9266
v v v v v v 0.4861 0.9316

Table 1: Ablation study results of key components. The best performance is highlighted in bold and the follow-up is highlighted in underlined.

ensures that the energy target adjustment is neither exces-
sively amplified (avoiding excessively high energy targets)
nor too small (which would weaken the impact of energy ad-
justment on model training), Y; represents the label vector for
molecule ¢, and diag(-) denotes the extraction of diagonal el-
ements from the matrix, which indicates the co-occurrence
frequency of different descriptors.
The chemical property energy loss is:

M
Z Z max(O, Eenergy (]) - r’lin)2
i=1 |&:Y; ;=1
Eclass = ’ ’
M
+ Z Z max(07 Mout — Eene?“gy (]))2
j=1 |i:Y; ;=0
13)
To further enhance multi-label prediction performance, we
designed a sample-level multi-label constraint loss. The ex-

pected energy for a sample is adjusted based on the label
count:

M
Eexpected(i) =e1+ey- Z Yvi,j (14)
j=1

Here, e; + eo = 1 are hyperparameters. e; represents the
baseline expected energy for each sample, ensuring that the
model does not generate extreme energy targets due to an in-
sufficient or excessive number of labels. e5 is a modulation
factor that ensures the increase in label count smoothly influ-
ences the expected energy of the sample, preventing an exces-
sive number of labels from leading to overly large expected
energies. The detailed results provided in Appendix A.2.

The loss is calculated based on the difference between the
sample’s predicted energy and the expected energy:

N M
1 _ )
Esample = N Z HlaX(O, Eexpected (2) - Z }/;,j)Q
j=1

i=1

15)

We introduce the label correlation loss, designed to min-
imize the discrepancy between the predicted correlation and
the true label correlation. The correlation between labels is
measured using the inner product of the label matrix, while
the predicted correlation is computed through the inner prod-
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Method F1 score AUROC

GCN [Kipf and Welling, 2016] 0.3701 0.9271
GCN+HMFM 0.3910 0.9296

GAT [Velickovi€ et al., 2017] 0.3953 0.9274
GAT+HMFM 0.4066 0.9296

MPNN [Gilmer et al., 2017] 0.4235 0.9304
MPNN+HMFM 0.4338 0.9314

AFP [Xiong et al., 2019] 0.4429 0.9240
AFP+HMFM 0.4728 0.9255
SMPGNN [Leeney and McConville, 2024] 0.4448 0.9175
SMPGNN+HMFM 0.4550 0.9231

GCast [Wang et al., 2024b] 0.4622 0.9288
GCast+HMFM 0.4677 0.9289

GSAGE [Huang and Chen, 2024] 0.3858 0.9284
GSAGE+HMFM 0.4187 0.9295

GIN [Wang et al., 2024al 0.3973 0.9303
GIN+HMFM 0.4158 0.9304

HMFNet 0.4861 0.9316

Table 2: Performance comparison with different models, as well as
an evaluation of the performance of HMFM within mainstream deep
learning models.

uct of the predicted outputs:
1 & 1 &
_ T T2
Lol = HN ;:1 Y;Y, N ;:1 Y5 (16)

Here, Y; represents the predicted value for the i-th molecule,
Y; represents the true value for the i-th molecule, || - || repre-
sents the squared L2 norm, which is equivalent to the squared
Euclidean distance.

Finally, the weighted sum of all loss terms constitutes the
total loss function:

[ftotal = )\1 Ebasis + )\2£class + )\SEsample + )\4£col (17)

Here, we conducted comparative experiments on the hyper-
parameters A1, Az, A3, Ay with detailed results provided in
Appendix A.2.

4 Experiments

In this section, we solve several key challenges in molecu-
lar odor prediction by exploring the following research ques-
tions:

¢ Q1: Can multi-level feature extraction effectively im-
prove the performance of molecular odor prediction?
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Method F1 score AUROC

GCN+GRFF [Wacker and Filippone, 2022] 0.3905 0.9265
GCN+RFF [Mitra and Kaddoum, 2022] 0.3833 0.9275
GCN+PE [Yuan et al., 2023] 0.3807 0.9271
GCN+LEE [Yamada, 2024] 0.3908 0.9295
GCN+HMFM 0.3910 0.9296
GCN+HMFM+CIL 0.4560 0.9248
MPNN+GRFF [Wacker and Filippone, 2022] 0.4030 0.9308
MPNN+RFF [Mitra and Kaddoum, 2022] 0.4114 0.9322
MPNN+PE [Yuan er al., 2023] 0.4181 0.9309
MPNN+LEE [Yamada, 2024] 0.4238 0.9299
MPNN+HMFM 0.4338 0.9314
MPNN+HMFM+CIL 0.4791 0.9306
GAT+GRFF [Wacker and Filippone, 2022] 0.4022 0.9246
GAT+RFF [Mitra and Kaddoum, 2022] 0.3655 0.9251
GAT+PE [Yuan et al., 2023] 0.4023 0.9264
GAT+LEE [Yamada, 2024] 0.3887 0.9254
GAT+HMFM 0.4066 0.9286
GAT+HMFM+CIL 0.4692 0.9289

Table 3: Experimental results of harmonic modulated feature map-
ping and Chemically-Informed Loss.

* Q2: Does Harmonic Modulated Feature Mapping im-
prove the performance of representative deep models?

* Q3: Does Chemically-Informed Loss improve molecu-
lar odor prediction?

* Q4: Does the proposed design achieve the best perfor-
mance of molecular odor prediction at present?

4.1 Experiment Setting

Datasets. The dataset used in this study is sourced from the
Leffingwell PMP 2001 [Leffingwell, 2005] and the GoodS-
cents [Flavor, 2018]. This dataset is currently the largest of
its kind, the detailed dataset can be found in Appendix A.1,
the dataset is characterized by significant label imbalance,
as evidenced by the long-tail distribution of odor descrip-
tors. Moreover, previous studies emphasize the importance of
considering label dependency information[Alvares-Cherman
et al., 2012]. Given that many odor descriptors occur infre-
quently, we present a co-occurrence matrix for the top 20 de-
scriptors in Figure 2 for visual clarity.

Comparsion Setup. To validate the effectiveness of each
component in our multi-level feature extraction, we con-
ducted ablation experiments on the atomic features, chem-
ical bond features, fingerprint features, and Transformer-
based string features. Additionally, to validate the superi-
ority of HMFNet, we compare it against mainstream and
state-of-the-art methods in this domain. We also conduct
dedicated evaluations to assess the effectiveness of the pro-
posed HMFM module. These models include Graph Con-
volutional Network (GCN) [Kipf and Welling, 2016], Graph
Attention Network (GAT) [Velickovié et al., 2017], Atten-
tive FP (AFP) [Xiong et al., 2019], Substructure Match-
ing Pretrained GNN (SMPGNN) [Leeney and McConville,
2024], Cross-scale Graph Propagation (GCast) [Wang et al.,
2024b], Graph Sample and Aggregation (GSAGE) [Huang
and Chen, 2024], Graph Isomorphism Network (GIN) [Wang
et al., 2024a], and Message Passing Neural Network (MPNN)
[Gilmer er al., 2017]. To further demonstrate the superior-
ity of HMFM, we compared it with four state-of-the-art fea-
ture mapping methods: Gaussian Random Fourier Features
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Method F1 score AUROC
HMFNet+HIL [Kim et al., 2024] 0.3308 0.9174
HMFNet+MTL [Liu et al., 2022b] 0.3784 09113
HMFNet+BCE [Guo et al., 2021] 0.3845 0.9292
HMFNet+ASL [Ridnik et al., 2021] 0.4297 0.9209
HMFNet+AFL [Xie ef al., 2025] 0.4632 0.9294
HMFNet+CIL 0.4861 0.9316

Table 4: Experimental results of the Hierarchical Multi-Feature
Mapping Network with different loss functions.

(GRFF) [Wacker and Filippone, 2022], Random Fourier Fea-
tures (RFF) [Mitra and Kaddoum, 2022], Positional Encoding
(PE) [Yuan er al., 2023], and Laplacian Eigenvector Encod-
ing (LEE) [Yamada, 2024]. Finally, we performed a study on
the Chemically-Informed Loss (CIL) to prove its efficacy. By
comparing our framework with existing methods, we demon-
strated that our approach achieves the best performance in
molecular odor prediction.

Evaluation Metrics. We selected two indicators widely used
in multi-label molecular odor prediction tasks, including F1
score and Area Under the Receiver Operating Characteris-
tic Curve (AUROC). F1 score emphasizes the balance be-
tween precision and recall, which means it increases when the
model becomes better at correctly identifying positive sam-
ples (i.e., reducing false positives and false negatives). AU-
ROC, measures the model’s overall ability to distinguish be-
tween the positive and negative classes.

4.2 Q1: Ablation Study of Hierarchical Feature
Extraction

In this section, we demonstrate the effectiveness of the Hier-
archical Feature Extraction through the ablation experiment
of feature extraction. As shown in Table 1, when using only
one feature type, the model’s performance is limited. Specif-
ically, relying solely on graph-based features achieves the
highest AUROC but falls short in capturing the full com-
plexity of odor prediction, as it lacks complementary infor-
mation from molecular fingerprints and token embeddings.
By combining graph-based features, molecular fingerprints,
and token embeddings, this approach captures a wider range
of molecular characteristics. Graph-based features provide
structural context, fingerprints capture specific substructural
elements, and token embeddings encode sequential relation-
ships from the SMILES representation. This multi-layered
feature extraction enables the model to better handle the com-
plexity of odor prediction, enhancing its ability to generalize
across diverse molecular structures.

4.3 Q2: Analysis of Harmonic Modulated Feature
Mapping

This section aims to demonstrate the effectiveness of Har-
monic Modulated Feature Mapping and verify the overall su-
periority of HMFNet. We compare it against mainstream and
state-of-the-art methods in this domain. As shown in Table 2,
the integration of HMFM into the baseline architectures re-
sulted in substantial improvements. To provide a clearer com-
parison, we present bar charts of the F1 and AUROC scores,
shown in Figure 3 and Figure 4, respectively. Secondly, we
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Figure 3: Comparison of F1 scores of histogram of Harmonic Mod-
ulated Feature Mapping on mainstream deep learning model.

compared it with several established feature mapping meth-
ods, as shown in Table 3.

Frequency modulation enhances feature representation by
introducing high-frequency encoding, which increases the
discriminative power for similar molecular structures in the
embedding space. This approach enables the model to more
precisely capture subtle chemical differences. Cyclic systems
and repeating fragments are prevalent in molecular structures,
and combining sinusoidal functions with frequency modula-
tion provides a natural way to encode such periodic compo-
nents. Compared to other encoding or modulation techniques,
this method offers inherent advantages in representing com-
plex molecule-odor relationships, improving feature discrim-
inability, and modeling periodic structures.

4.4 Q3: Analysis of Chemically-Informed Loss

To evaluate the effectiveness of the proposed Chemically-
Informed Loss (CIL), we compared it with present loss func-
tion, including Hierarchical Loss (HIL) [Kim et al., 2024],
Binary Cross-Entropy Loss (BCE) [Guo et al., 2021], Asym-
metric Loss (ASL) [Ridnik et al., 2021], MultiTask Loss
(MTL) [Liu et al., 2022b], and Adaptive Focal Loss (AFL)
[Xie et al., 2025]. As shown in Table 3 and Table 4,
the integration of CIL significantly enhances model perfor-
mance. Designed to address key challenges in molecular
odor prediction—such as class imbalance and label corre-
lation—CIL demonstrates its robustness in improving pre-
dictive outcomes. Experimental results show that incorpo-
rating CIL consistently increases the F1 score across vari-
ous base models. By embedding chemical information con-
straints, CIL not only enhances classification accuracy but
also strengthens the model’s ability to capture the nuanced
relationships between molecular structures and odor descrip-
tors. Furthermore, it achieves a balanced prediction for both
majority and minority classes.
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Figure 4: Comparison of histogram AUROC of Harmonic Modu-
lated Feature Mapping on mainstream deep learning model.

4.5 Q4: Overall Comparison

As shown in Table 1, The increase in F1 score with the addi-
tion of features and modules indicates that the model is im-
proving its performance. Our method demonstrates a signif-
icant improvement in F1 score and achieves the best results
in molecular odor prediction, as shown in Table 2. However,
the highest AUROC (0.9356) was achieved when only node
and edge features were used. This suggests that the model
performs better at distinguishing between positive and nega-
tive classes when fewer features are involved. Based on the
calculation principles of F1 score and AUROC (as detailed
in Section 4.1), we analyze that AUROC primarily focuses
on the model’s ability to correctly rank samples. The inclu-
sion of additional features (fingerprints and tokens) may have
introduced noise or led to less confident distinctions between
classes, which slightly reduced the model’s ability to differen-
tiate samples based on predicted probabilities. However, the
continuous improvement in F1 score indicates that the model
becomes better at correctly identifying positive samples, re-
flecting a stronger ability to discern odor-related molecular
structures. This improvement comes at the cost of a slight
reduction in its ability to rank samples effectively, which in
turn impacts AUROC. Detailed ablation studies on specific
components of HMFNet can be found in Appendix A.2.

5 Conclusion

In this paper, we present a novel framework for molecular
odor prediction that effectively captures the relationships be-
tween molecular structures and their associated odors. By in-
tegrating local-to-global feature extraction with dynamic fea-
ture mapping and optimizing the loss function. This design
enhances the model’s ability to identify odor-related molec-
ular patterns. Experimental results confirm the superior per-
formance and robust transferability of our method.
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