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Identifying the Hierarchical Emotional Areas in the Human Brain Through Information Fusion
Zhongyu Huang,Changde Du,Chaozhuo Li,Kaicheng Fu,Huiguang He

• Identify hierarchical emotional areas to study brain mechanisms underlying emotion.
• Conduct an in-depth theoretical analysis based on information fusion and graph theory.
• Develop a novel framework to improve emotion decoding using the identified areas.
• Demonstrate the potential of identified areas by cross-dataset emotion decoding.
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A B S T R A C T
The brain basis of emotion has consistently received widespread attention, attracting a large number of
studies to explore this cutting-edge topic. However, the methods employed in these studies typically
only model the pairwise relationship between two brain regions, while neglecting the interactions
and information fusion among multiple brain regions—one of the key ideas of the psychological
constructionist hypothesis. To overcome the limitations of traditional methods, this study provides
an in-depth theoretical analysis of how to maximize interactions and information fusion among brain
regions. Building on the results of this analysis, we propose to identify the hierarchical emotional areas
in the human brain through multi-source information fusion and graph machine learning methods.
Comprehensive experiments reveal that the identified hierarchical emotional areas, from lower to
higher levels, primarily facilitate the fundamental process of emotion perception, the construction
of basic psychological operations, and the coordination and integration of these operations. Overall,
our findings provide unique insights into the brain mechanisms underlying specific emotions based
on the psychological constructionist hypothesis.

1. Introduction
Emotions are complex psychological and physiological

states that arise in response to stimuli from internal feelings
or external environments. Generally, these external stimuli
are perceived in diverse manners, such as visual experiences,
audio signals, and textual information. Our brains respond to
these stimuli by generating neural activity in various brain
regions, thereby producing corresponding psychological and
physiological states. Therefore, the fusion of multi-source
information from either diverse manners or various brain
regions contributes to understanding the brain mechanisms
underlying emotion [1–3].

The research on the brain basis and neural representation
of emotion mainly focuses on two hypotheses: locationism
and psychological constructionism. The locationist hypothe-
sis suggests that discrete emotion categories consistently and
specifically correspond to distinct brain regions, implying
a one-to-one mapping between brain regions and emotion
categories [4]. On the contrary, the psychological construc-
tionist hypothesis suggests that discrete emotion categories
are constructed from more general brain networks, i.e., the
interactions among various brain regions, rather than spe-
cific brain regions [4]. While both hypotheses are of equal
age, there is relatively little evidence supporting the loca-
tionist hypothesis. In contrast, a large number of studies [4–
13] demonstrate that the neural representation of emotion is
distributed, leading to the conclusion that the psychological
constructionist hypothesis has greater potential for revealing
the brain basis of emotion.
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To investigate the brain basis of emotion, many previous
studies have employed various methods to identify patterns
of brain activity associated with specific emotions, such as
multivariate pattern analyses [7, 9], Bayesian approaches [5,
6], and brain networks [8, 12, 13]. However, these methods
either fail to leverage the relationships between brain regions
or only model the pairwise relationship between two brain
regions, while neglecting the interactions and information
fusion among multiple brain regions—one of the key ideas
of the psychological constructionist hypothesis. As a result,
their findings on the brain regions involved in emotion
encoding vary, and even a consistent conclusion on the brain
mechanisms for specific emotions has yet to be established.

To reveal the brain mechanisms underlying emotion
based on the psychological constructionist hypothesis, it is
essential to consider the interactions and information fusion
among multiple brain regions at a higher level. From a net-
work neuroscience perspective, the brain regions involved
in emotion encoding present a modular structure [14, 15].
Modules with similar functions are coupled together, form-
ing a unique area with a specific function. We refer to this
unique area as the emotional area, similar to the functional
areas in the human brain. Moreover, a series of influential
studies [16, 17] demonstrates that brain networks further ex-
hibit hierarchically modular organizations. The main module
in a brain network plays a dominant role, with a set of sub-
modules cooperating to perform subordinate functions. In
addition to these sub-modules, there exist sub-sub-modules
and so forth, each playing an increasingly subtle role. Ac-
cordingly, in the context of emotion encoding, the entire
brain network can be decomposed into hierarchical subnet-
works that correspond to hierarchical emotional areas.
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Since emotions are complex subjective experiences, they
include multiple psychological operations and cognitive pro-
cesses, thereby involving various brain regions [4]. When
an individual experiences emotional stimuli, the entire brain
network is decomposed into hierarchical subnetworks. Each
of these subnetworks corresponds to an emotional area and
performs distinct functions, contributing to different psy-
chological operations and cognitive processes involved in
emotion encoding. Meanwhile, subnetworks in various emo-
tional areas interact and collaborate to create a compre-
hensive brain network for emotion encoding. Based on the
hierarchically modular organization of the brain network,
this analysis aligns perfectly with both the key idea of
the psychological constructionist hypothesis and the profes-
sional knowledge in affective science. Therefore, this work
aims to investigate the hierarchical emotional areas in the
human brain through multi-source information fusion and
graph machine learning methods. Our ultimate goal is to
reveal the brain mechanisms underlying specific emotions
based on the psychological constructionist hypothesis.

Overall, the key innovations and main contributions of
our research can be summarized as follows:

• We introduce the concept of hierarchical emotional
areas to understand the brain mechanisms underlying
emotion, aligning perfectly with both the key idea of
the psychological constructionist hypothesis and the
professional knowledge in affective science.

• We provide an in-depth theoretical analysis of how to
maximize interactions and information fusion among
brain regions. Building on the results of this analysis,
we identify hierarchical emotional areas in the human
brain.

• We develop a novel framework, Hierarchical Emotion
Network (HEmoN), which improves emotion decod-
ing tasks by exploiting the identified hierarchical emo-
tional areas.

• To verify the rationality and effectiveness of our ap-
proach, we conduct experiments on two large-scale
datasets, both containing audio-visual multi-source
naturalistic stimuli. Furthermore, we accomplish a
challenging task: identifying hierarchical emotional
areas on one dataset and applying them to cross-
dataset emotion decoding on another dataset.

2. Related work
Emotions arise from the activations of specialized neu-

ronal populations in the human brain. Therefore, researchers
have devoted themselves to exploring the neural represen-
tation of emotion to gain a deeper understanding of emo-
tion. One of the most prominent research areas is emotion
encoding and decoding, which aims to identify the mapping
patterns between emotional stimuli and their correspond-
ing brain responses. In essence, encoding and decoding
are complementary operations: encoding investigates how

to transform stimuli into brain responses, while decoding
investigates how to predict information about the stimuli
from brain responses [18].

In laboratory settings, researchers usually measure and
collect the brain signals of subjects when they experience
emotional stimuli. By analyzing the collected brain sig-
nals and the experienced emotional stimuli, researchers can
delve into emotion encoding and decoding. Commonly used
brain signals include functional magnetic resonance imag-
ing (fMRI), electroencephalography (EEG), and magneto-
encephalography (MEG). Due to its high spatial resolution,
fMRI allows precise localization of the active brain regions
involved in emotional processing [19], providing an excel-
lent opportunity to study the underlying brain mechanisms
for specific emotions [20]. On the other hand, traditional
emotional stimuli include images, especially facial expres-
sions [21, 22], and mental imagery [7, 23]. However, these
stimuli are abstract, simplified, and, in many ways, fail to
reflect the complexity and dynamics inherent in real-life
behaviors and stimuli [24]. To investigate real-life emotional
experiences, researchers are increasingly turning to natural-
istic paradigms, such as watching movies [10, 13], listening
to stories [12, 25], or experiencing audio-visual multi-source
stimuli [11, 26, 27]. A growing body of evidence suggests
that these naturalistic stimuli benefit from the fusion of
multi-source information, incorporate richer and more dy-
namic experiences, evoke stronger emotions, and provide a
more reasonable approximation to freeform cognition in our
daily lives [24, 28–30].

Given their simplicity, efficiency, and strong interpretabil-
ity, a large number of studies [5–7, 9–11, 27] employ linear
regression or multivariate statistical methods to develop
models for emotion encoding or decoding. Unfortunately,
these methods are unable to leverage the rich relationships
between brain regions. To overcome this limitation, some
pioneering works [8, 12, 13, 31–36] use fMRI data to
construct functional brain networks [37], which can explic-
itly model the pairwise relationship between brain regions.
A series of works [8, 31–33, 35] uses diverse network
measures to assess the significance of each region of interest
in the brain network, thereby studying the mechanisms of
emotion encoding. Another series of works [12, 13, 36]
maps various emotion categories into distinct brain net-
works with more distinguishable graph structural features,
thereby improving the performance of emotion decoding. In
addition, several recent advances [8, 34, 38, 39] have made
remarkable achievements in interpreting emotions through
various graph machine learning methods. Huang et al. [8]
investigate the connectivity within the brain network and
reveal a general emotion pathway connecting neural nodes
involved in basic psychological operations. Li et al. [34]
design a graph neural network framework for analyzing brain
networks and utilize it to infer salient brain regions for emo-
tional tasks. Huang et al. [38] construct an emotion-brain
bipartite graph to model the relationships between emotions
and brain regions, thereby improving the representation
learning process. Lettieri et al. [39] study the encoding rules

Z. Huang et al.: Preprint submitted to Elsevier Page 2 of 14



Identifying the Hierarchical Emotional Areas in the Human Brain Through Information Fusion

of emotional instances and discover that they are represented
in an extensive network encompassing sensory, prefrontal,
and temporal regions.

Although these works have employed graph machine
learning methods to investigate emotional information in the
brain more effectively, their primary focus remains on iden-
tifying key brain regions or capturing pairwise relationships
between two objects. These approaches have essentially
deviated from the key idea of the psychological construc-
tionist hypothesis, which emphasizes the interactions and
information fusion among multiple brain regions throughout
the entire methodology. In addition, these works have rarely
considered the hierarchically modular organization of the
brain network, neglecting important facts in network neuro-
science. Consequently, we aim to investigate the hierarchical
emotional areas in the human brain by combining graph
machine learning methods with information fusion, thereby
overcoming the above challenges and revealing the brain
mechanisms underlying specific emotions.

3. Preliminaries
3.1. Graph theory

Let 𝐺 = ( , ) ∈  be a graph with vertex set
 = {𝑣1, 𝑣2,… , 𝑣𝑁𝐺

} and edge set  = {𝑒1, 𝑒2,… , 𝑒𝑀𝐺
},

where 𝑁𝐺 = || and 𝑀𝐺 = || represent the number of
vertices and edges in 𝐺, respectively. Let 𝑨 ∈ ℝ𝑁𝐺×𝑁𝐺 be
the adjacency matrix of 𝐺, and 𝑿 ∈ ℝ𝑁𝐺×𝑐0 be its node
feature matrix. For each node 𝑣 ∈  , 𝒙𝑣 ∈ ℝ𝑐0 denotes
its node feature vector, and 𝑑𝑣 denotes its degree (i.e., the
number of 1-hop neighbors). The set of 𝑣’s 1-hop neighbors
is represented as  (𝑣).

A walk in graph 𝐺 is a finite sequence of alternating
vertices and edges, such as 𝑣0, 𝑒1, 𝑣1, 𝑒2,… , 𝑒𝑚, 𝑣𝑚, in which
each edge 𝑒𝑖 = (𝑣𝑖−1, 𝑣𝑖). A walk may contain repeated
edges. A path is a walk in which all vertices, and hence all
edges, are distinct (except, possibly, 𝑣0 = 𝑣𝑚). We denote a
path 𝑃 with length 𝑚 as its vertex sequence (𝑣0, 𝑣1,… , 𝑣𝑚).If 𝑣0 = 𝑣𝑚 and 𝑚 ≥ 2, this path is called a cycle.

In an unweighted graph 𝐺, the shortest path between two
vertices is the path with the minimum length between them,
and its length is called the (shortest path) distance between
these two vertices. We use dist(𝑢, 𝑣) to denote the distance
between a pair of vertices 𝑢 and 𝑣. The longest shortest path
in graph 𝐺 is the shortest path with the maximum length
between any pair of vertices. The diameter of graph 𝐺 is the
length of the longest shortest path, defined as

𝔡 = max {dist(𝑢, 𝑣) ∣ ∀𝑢, 𝑣 ∈ } .

In this paper, we use the normal 𝑑 to denote the node degree
and the Gothic 𝔡 to denote the graph diameter.

A tree is a special type of graph that is connected and
acyclic. Trees have several essential properties; for instance,
there exists exactly one path between any pair of vertices.
Additionally, a tree with 𝑁𝑇 vertices has exactly 𝑁𝑇 − 1
edges. A forest is a collection of disjoint trees, and a tree is
a special type of forest with only one connected component.

3.2. Psychological constructionist hypothesis
The psychological constructionist hypothesis assumes

that emotion categories are common-sense categories, with
instances emerging from the combination of more basic
psychological operations, such as core affect, conceptualiza-
tion, executive attention, language, etc. These psychological
operations are the common ingredients of all mental states.

The core affect is a mental representation of bodily sen-
sations, enabling an organism to determine whether some-
thing in the environment has motivational salience, e.g.,
whether it is beneficial, detrimental, approachable, or avoid-
able. The conceptualization is a process that imbues sensa-
tions from the body or the external world with meaning in a
given context by drawing on representations of previous ex-
periences. These representations are activated by the current
physical and psychological situation. The executive attention
is a process that selectively enhances some representations
while suppressing others. It can regulate the activity in other
processes, such as core affect, conceptualization, or language
use. The language word serves as an “essence placeholder,”
which helps integrate feelings, behaviors, and expressions
into instances of a meaningful emotion category.

4. Hierarchical emotional areas: Theoretical
analysis and methodology
In this section, we present the identification of hier-

archical emotional areas and their application in emotion
decoding. We start by extracting a brain tree from the brain
network to overcome its challenges and facilitate the cap-
ture of hierarchical information. Furthermore, we provide
an in-depth theoretical analysis based on this brain tree to
maximize interactions and information fusion among brain
regions, aligning with the key idea of the psychological
constructionist hypothesis. Building on the results of this
analysis, we identify the hierarchical emotional areas and
present corresponding technical implementations. Finally,
we develop a novel framework to improve emotion decoding
tasks by exploiting the identified hierarchical emotional
areas. The pipeline of this study is illustrated in Figure 1.
4.1. Extracting the brain tree

We first construct a brain network, 𝐺 = ( , ), using the
collected fMRI signals. In this network, nodes are defined
as brain regions of interest (ROIs), generally derived from
an existing brain parcellation, such as the Power Atlas [40]
and the Destrieux Atlas [41]. The edges are defined as the
functional connectivity between these ROIs, with functional
connectivity commonly computed as the pairwise correla-
tion of the fMRI time series between two ROIs.

However, conventional brain networks may suffer from
various limitations, such as threshold problems [42–45],
spurious and noisy connections [42–45], scaling effects [42,
44], and methodological biases [43, 44]. Fortunately, many
studies [43–45] have demonstrated that the spanning tree
can effectively overcome these challenges and capture the
essential properties of complex brain networks, leading to
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Figure 1: The pipeline of identifying hierarchical emotional areas in the human brain. To investigate the brain mechanisms
underlying emotion (i.e., emotion encoding), we first measure and collect the brain signals of subjects when they experience
audio-visual multi-source emotional stimuli. Next, we construct a brain network using the collected fMRI signals and extract a
brain tree from this brain network. Then, we decompose the entire brain tree into trunks at different levels (i.e., hierarchical trunks),
with each trunk facilitating information fusion among brain regions. Following the decomposition, we revert these hierarchical
trunks in the brain tree back to hierarchical emotional areas in the human brain. As a result, we complete the identification of
hierarchical emotional areas on a given dataset. Finally, we use the proposed model, HEmoN, which builds on these identified
hierarchical emotional areas, to perform cross-dataset emotion decoding on other challenging datasets.

great success in a wide range of applications. Moreover,
previous research [46] has indicated that the tree structure
is an efficient tool for capturing hierarchical information
from data, aligning with our goal of identifying hierarchical
emotional areas. Therefore, we propose to extract a brain
tree from the original brain network using the spanning tree
algorithm.

Specifically, given a brain network, we first sort all
edges in descending order according to their weights. The
construction process of the brain tree begins by using the
edge with the highest weight. Subsequently, we select the
edge with the highest weight from the remaining edges. If
the newly selected edge forms a cycle with the previously
selected edges, it is discarded; otherwise, it is added to the
brain tree. This process is executed iteratively until there are
𝑁𝐺−1 edges in the brain tree. Finally, all edge weights in the
brain tree are set to a value of one. In this way, we transform
the brain network 𝐺 = ( , ) into a brain tree 𝑇 = ( ,),
where  denotes the vertex set of 𝑇 , identical to that of 𝐺,
and  denotes the edge set of 𝑇 .
4.2. Theoretical analysis: Interactions and

information fusion in the brain tree
As discussed in Section 1, the psychological construc-

tionist hypothesis emphasizes the interactions and infor-
mation fusion among multiple brain regions. Since these
interactions can be essentially considered as the information

influence that one brain region (i.e., node) exerts on another,
we start our analysis by quantitatively describing the infor-
mation influence between an arbitrary pair of nodes, 𝑢 and
𝑣. Based on previous literature [47, 48], we take the random
walk as a general rule for information propagation in the
brain tree and define node influence as follows.
Definition 1 (Node Influence). Let 𝒉(0)𝑣 ∈ ℝ𝑐0 be the initial
feature vector of node 𝑣, and 𝒉(𝑘)𝑢 be the representation
vector of node 𝑢 after 𝑘 steps of the random walk. The node
influence 𝐼(𝑢, 𝑣) of node 𝑣 on node 𝑢 after 𝑘 steps of the
random walk is defined as the norm of the Jacobian matrix
𝜕𝒉(𝑘)𝑢 ∕𝜕𝒉(0)𝑣 :

𝐼(𝑢, 𝑣) =
‖

‖

‖

‖

‖

𝜕𝒉(𝑘)𝑢

𝜕𝒉(0)𝑣

‖

‖

‖

‖

‖

,

where the norm ‖ ⋅ ‖ is an arbitrary induced norm1.
The node influence quantifies how changes in the infor-

mation of node 𝑣 affect that of node 𝑢. The following theorem
presents an analytical expression of the node influence for
further analysis.
Theorem 1. Given a tree 𝑇 , the node influence 𝐼𝑇 (𝑢, 𝑣) of
node 𝑣 on node 𝑢 after 𝑘 = dist(𝑢, 𝑣) steps of the random

1An induced norm is a matrix norm induced by a vector norm, defined
as ‖𝑨‖ = sup {‖𝑨𝒙‖ ∣ ‖𝒙‖ = 1}.
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walk is

𝐼𝑇 (𝑢, 𝑣) =

|

|

|

|

|

|

|

|

𝑎𝑢𝑣1 ⋅ 𝑎𝑣1𝑣2 ⋯ 𝑎𝑣𝑘−1𝑣
∑

𝑖∈ (𝑢)
𝑎𝑢𝑖 ⋅

∑

𝑗∈ (𝑣1)
𝑎𝑣1𝑗 ⋯

∑

𝑙∈ (𝑣𝑘−1)
𝑎𝑣𝑘−1𝑙

|

|

|

|

|

|

|

|

,

where the only path between nodes 𝑢 and 𝑣 is denoted
as (𝑢, 𝑣1, 𝑣2,⋯ , 𝑣𝑘−1, 𝑣); 𝑎𝑣𝑖𝑣𝑗 is the edge weight between
nodes 𝑣𝑖 and 𝑣𝑗 , and  (𝑢) is the set of 𝑢’s 1-hop neighbors.

Detailed proof of Theorem 1 is provided in Appendix A.
Since all edges in the brain tree have a uniform weight of 1,
the result of Theorem 1 can be further simplified to

𝐼𝑇 (𝑢, 𝑣) =
1

𝑑𝑢𝑑𝑣1 ⋯ 𝑑𝑣𝑘−1
(1)

where 𝑑𝑢 is the degree of node 𝑢. Eq. (1) indicates that
node influence decreases as the distance 𝑘 between nodes
and node degrees increase, consistent with intuition. More
precisely, node influence 𝐼𝑇 (𝑢, 𝑣) decreases exponentially
with the increase in the distance between nodes 𝑢 and 𝑣, and
decreases polynomially with the increase in node degrees on
the path connecting 𝑢 and 𝑣.

To facilitate effective interactions among brain regions,
we aim to maximize the node influence 𝐼𝑇 (𝑢, 𝑣) in the brain
tree. This objective can be achieved by solving the following
optimization problem:

max
𝑑𝑢,𝑑𝑣𝑖

𝐼𝑇 (𝑢, 𝑣) =
1

𝑑𝑢𝑑𝑣1 ⋯ 𝑑𝑣𝑘−1
s.t. 𝑑𝑢 ≥ 1

𝑑𝑣𝑖 ≥ 2, ∀𝑖 = 1, 2,… , 𝑘 − 1

Clearly, the optimal solution is 𝑑𝑢 = 1, 𝑑𝑣𝑖 = 2, which
corresponds to the path between nodes 𝑢 and 𝑣. Since trees
have an essential property that there exists exactly one path
between any pair of nodes, the path between 𝑢 and 𝑣 is
also the shortest path. Accordingly, the optimal solution
motivates us to propagate information along the shortest
path, thereby facilitating interactions among brain regions.

Furthermore, it is essential to consider the fusion of
information among multiple brain regions, enabling them to
form a unique emotional area with a specific function. The
above analysis indicates that information should be propa-
gated along the (shortest) path. Consequently, we continue
our analysis by quantifying the total amount of information
carried by a path and defining path information as follows.
Definition 2 (Path Information). Let 𝑃 denote a path of
length 𝑚 with vertex sequence (𝑣0, 𝑣1,… , 𝑣𝑚). The path
information 𝐼(𝑃 ) of path 𝑃 is defined as the sum of the node
influences between every pair of nodes on the path:

𝐼(𝑃 ) =
𝑚
∑

𝑖,𝑗=0
𝑖≠𝑗

𝐼𝑃 (𝑣𝑖, 𝑣𝑗).

The path information quantifies the extent of information
fusion among nodes on path 𝑃 . We aim to maximize the path
information, thereby enhancing the fusion of information
among brain regions as much as possible. The following
theorem gives the path with the maximum path information.
Theorem 2. Given a tree 𝑇 , the longest shortest path 𝑃 has
the maximum path information

𝐼(𝑃 ) =
𝔡
∑

𝑘=1
(𝔡 − 𝑘 + 1) ⋅ 2

2𝑘−1
,

where 𝔡 is the diameter of tree 𝑇 .

Detailed proof of Theorem 2 is provided in Appendix B.
Theorem 2 indicates that the longest shortest path has the
maximum amount of information among all possible paths
in a brain tree. Consequently, the theoretical analysis in
this subsection demonstrates that propagating information
along the longest shortest path on a brain tree maximizes
interactions and information fusion among brain regions.
In the next subsection, we will exploit the longest shortest
path to further identify the emotional area and present the
corresponding implementations.
4.3. Identifying the hierarchical emotional areas

In the natural world, the tree trunk is an essential compo-
nent of a tree. The remaining parts of a tree after removing
the tree trunk are also regarded as (sub)trees, each with
its own “(sub)tree trunk.” Thus, natural tree trunks exhibit
hierarchical organization throughout the entire tree. Inspired
by this interesting natural phenomenon, we decompose the
entire brain tree into hierarchical trunks and leverage them
to identify the hierarchical emotional areas.

Specifically, the 1st-level trunk, 𝔱1, serves as the main
trunk of the entire brain tree, and there is usually only one
main trunk at the first level. The trunk at the remaining 𝓁th
(𝓁 ≥ 2) level, 𝔱𝓁 , is considered a branch of the entire brain
tree, and there are usually multiple branches at the 𝓁th level.
We denote the set of trunks at the 𝓁th level as 𝓁 . Our pre-
vious theoretical analysis suggests that propagating informa-
tion along the longest shortest path on a brain tree maximizes
interactions and information fusion among brain regions.
Therefore, we designate the longest shortest path as the main
trunk 𝔱1. In addition, the brain regions corresponding to all
nodes on this main trunk constitute the main emotional area,
denoted as1. Once the main trunk is obtained and removed
from the brain tree, the remaining part becomes a forest.
This forest contains at least one (often multiple) connected
component(s), and every component is a (sub)tree [49]. To
identify the trunks at the 𝓁th (𝓁 ≥ 2) level, we search for
the longest shortest path in each connected component of the
forest after removing the trunks of all previous (𝓁−1) levels.
Similarly, the brain regions corresponding to all nodes on
these 𝓁th-level trunks constitute the 𝓁th-level emotional
area, denoted as 𝓁 . This process runs iteratively and ends
once all nodes in the tree have been removed. Figure 4 in
Appendix C provides a concrete example to illustrate the
process above.
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Algorithm 1 Identifying the hierarchical emotional areas.
Input: A brain tree 𝑇 = ( ,).
Output: The emotional areas at every level.

1: 𝓁 ← 0;
2: 𝐹0 ← ( ,);
3: while  ≠ ∅ do
4: 𝓁 ← 𝓁 + 1;
5: for 𝔠 = 1,… ,ℭ𝓁−1 do
6: Identify an 𝓁th-level trunk 𝔱𝓁,𝔠 from the 𝔠th con-

nected component of 𝐹𝓁−1;
7: Get the set 𝓁,𝔠 of all nodes in 𝔱𝓁,𝔠;
8: Get the set 𝓁,𝔠 of all edges in 𝔱𝓁,𝔠;
9:  ←  ⧵𝓁,𝔠;

10: Find the set 𝓁,𝔠 of all isolated nodes;
11:  ←  ⧵ 𝓁,𝔠;
12: end for
13: 𝓁 ← {𝔱𝓁,1,… , 𝔱𝓁,ℭ𝓁−1

};
14: 𝓁 ← 𝓁,1 ∪⋯ ∪𝓁,ℭ𝓁−1

;
15: 𝐹𝓁 ← ( ,);
16: end while
17: return 1,2,⋯ ,𝐿

Suppose there are 𝐿 levels in total. Algorithm 1 de-
scribes the detailed process of identifying hierarchical emo-
tional areas. Here, 𝐹𝓁 represents a forest obtained after
removing the trunks of all previous 𝓁 levels and the isolated
nodes. Line 2 initializes the forest 𝐹0 to tree 𝑇 = ( ,).
Line 5 considers all ℭ𝓁−1 connected component(s) in 𝐹𝓁−1.
Line 6 searches for the longest shortest path in the 𝔠th
connected component of 𝐹𝓁−1 to identify an 𝓁th-level trunk
𝔱𝓁,𝔠. Lines 7 and 14 identify the emotional area, 𝓁 , at the
𝓁th level. Lines 8-9 remove all edges in 𝔱𝓁,𝔠 from 𝐹𝓁−1,
and Lines 10-11 remove all isolated nodes. Line 15 updates
𝐹𝓁 based on the results of Lines 9 and 11. If there are no
remaining nodes, Line 16 terminates the loop, and finally,
Line 17 returns the emotional areas at every level.
4.4. Practical application: Emotion decoding

We further develop a novel framework, Hierarchical
Emotion Network (HEmoN), to improve emotion decoding
tasks by exploiting the identified hierarchical emotional ar-
eas. As previously analyzed, we identify hierarchical trunks
by iteratively searching for the longest shortest path. Given
that nodes on the longest shortest path (i.e., a trunk) form
a long sequence, we use the Long Short-Term Memory
(LSTM) [50] to effectively capture long-term dependencies
and recognize complex patterns, thereby facilitating the rep-
resentation learning process of emotion decoding. Specifi-
cally, after obtaining the trunks at every level according to
Line 13 of Algorithm 1, we apply an LSTM to learn the
representation for each trunk along its corresponding trunk
path, formulated as

𝒉(𝓁)𝑇 =
∑

𝔱𝓁∈𝓁

LSTM
(

𝒙(𝔱𝓁)𝑣0 ,𝒙(𝔱𝓁)𝑣1 ,⋯ ,𝒙(𝔱𝓁)𝑣𝑘𝔱𝓁

)

(2)

where 𝓁 is the set of trunks at the 𝓁th level, and 𝔱𝓁 is a single
trunk in 𝓁; let the length of 𝔱𝓁 be 𝑘𝔱𝓁 ; 𝒙(𝔱𝓁)𝑣𝑖 ∈ ℝ𝑐0 denotes
the feature vector of node 𝑣𝑖 on trunk 𝔱𝓁 , and 𝒉(𝓁)𝑇 ∈ ℝ𝑐𝓁

denotes the trunk representation at the 𝓁th level. Since nodes
on all trunks in 𝓁 constitute the 𝓁th-level emotional area,
𝒉(𝓁)𝑇 also serves as the representation of the emotional area at
the 𝓁th level. Then, we combine all the trunk representations
to create a representation of the brain tree:

𝒉𝑇 =
𝐿
∑

𝓁=1
𝑾 (𝓁)𝒉(𝓁)𝑇 (3)

where 𝑾 (𝓁) represents a learnable weighting matrix for the
𝓁th level, optimized along with other model weights during
the model training process. For emotion classification tasks,
the brain tree is associated with an emotion category label
𝑦𝑇 from 𝐶 emotion categories. Accordingly, we set 𝑾 (𝓁) ∈
ℝ𝐶×𝑐𝓁 and further input 𝒉𝑇 into the softmax function to
obtain the predicted class. For emotion regression tasks,
the brain tree is associated with an emotion rating vector
𝒚𝑇 ∈ [0, 𝑎]𝐶 containing 𝐶 emotion categories, where 𝑎
represents the maximum rating and is usually set to 100.
Accordingly, we set 𝑾 (𝓁) ∈ ℝ𝐶×𝑐𝓁 and further input 𝒉𝑇into the logistic function to obtain the predicted ratings.
The above representation learning process is illustrated in
Appendix C through a concrete example.

5. Experiments
In this section, we conduct comprehensive experiments

on two large-scale datasets, both containing audio-visual
multi-source naturalistic stimuli. The entire experimental
evaluation consists of two stages. In the first stage (Sec-
tion 5.3), we identify hierarchical emotional areas based on
the overall experience of all emotions in Dataset 1 [27].
In the second stage (Section 5.4), we use the proposed
model, HEmoN, which builds on the identified hierarchical
emotional areas, to perform cross-dataset emotion decoding
on Dataset 2 [11]. Furthermore, we provide a thorough
analysis and discussion of the experimental results in Sec-
tion 6. Our code is publicly available at https://github.com/
zhongyu1998/HEmoN.
5.1. Dataset description

We conduct comprehensive experiments on two large-
scale datasets [11, 27] to demonstrate the effectiveness and
superiority of our proposed approach. Both datasets contain
audio-visual multi-source naturalistic stimuli and use a simi-
lar experimental paradigm for data acquisition. Specifically,
they collect fMRI responses when subjects watch emotion-
ally charged movies (i.e., emotional stimuli). To obtain the
corresponding emotion ratings for these stimuli, they recruit
multiple human raters who are not involved in the fMRI
experiments. These raters label each emotional stimulus
according to specific emotion categories, assigning a score
to each emotion category for every stimulus. The final emo-
tion rating for a specific emotion category of a stimulus is
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Figure 2: The illustration of the identified hierarchical emotional areas, including (a) all basic emotions, (b) happiness, and
(c) sadness. The legend at the top lists all 13 functional systems and one uncertain system, as proposed by the Power Atlas [40].
Each subfigure shows the corresponding brain tree and presents the emotional areas at the first three levels. The nodes are colored
according to the legend, and the internal connections within the 1st-level, 2nd-level, and 3rd-level emotional areas are highlighted
in green, blue, and red, respectively.
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determined by averaging the scores across these raters. As
for fMRI responses, we use the fMRI data preprocessed
by Lettieri et al. [27] and Koide-Majima et al. [11]. Here,
we provide an overview of the basic information and fMRI
data preprocessing steps for each dataset. Further details
on emotion ratings, fMRI data acquisition, and fMRI data
preprocessing are available in their original literature.
Dataset 1 This dataset contains fMRI responses collected
from 15 subjects when they experience emotional stim-
uli, featuring 3599 pairs of {fMRI responses, emotion rat-
ings} for each subject. The emotional stimuli are composed
of movie segments from Forrest Gump, sourced from the
StudyForrest project (http://studyforrest.org), and contain
six basic emotions [51]: happiness, surprise, fear, sadness,
anger, and disgust. The fMRI data are preprocessed using the
Advanced Normalization Tools (ANTs) [52] and the Anal-
ysis of Functional NeuroImages (AFNI) [53]. This process
mainly involves the following steps: spike correction, slice
timing correction, motion correction, rigid body transforma-
tion, registration to T1-weighted images, phase distortion
correction, spatial smoothing with a Gaussian kernel, and
physiological noise filtering.
Dataset 2 This dataset contains fMRI responses collected
from 8 subjects when they experience emotional stimuli,
featuring 5400 pairs of {fMRI responses, emotion ratings}
for each subject. The emotional stimuli are composed of
movie clips sourced from the video-sharing site Vimeo
(https://vimeo.com/jp) and contain 80 emotion categories.
The complete list of these 80 emotion categories and their
sources are available in the original literature [11]. The
fMRI data are preprocessed using the Statistical Parame-
ter Mapping toolbox (SPM8, https://www.fil.ion.ucl.ac.

uk/spm/software/spm8/). This process mainly involves the
following steps: motion correction, z-score normalization,
median filter convolution, long-term trend removal, and
registration to T1-weighted images.
5.2. Implementation details

We initialize the learnable weighting matrix in Eq. (3)
and all model weights using the Xavier initializer [54]. Then,
we pre-map the emotional stimuli into 64 dimensions with
a linear transformation and use a batch of 32 emotional
stimuli as the model input. Our HEmoN model consists
of 3 LSTM layers (Eq. (2)) and a final combination layer
(Eq. (3)). Each LSTM layer contains 64 hidden units, with a
dropout [55] ratio of 0.2 applied to the outputs of each LSTM
layer except the last one. The model is trained using the
Adam optimizer [56] with an initial learning rate of 0.0005.
If the performance on the validation set does not improve
after 10 epochs, the learning rate is reduced by a factor of
0.5. The training is stopped when the learning rate reaches
the minimum value of 2E-5 or when the number of epochs
reaches the maximum value of 300.

Our model is implemented with Python version 3.6,
PyTorch version 1.4.0 [57], and PyTorch Geometric (PyG)
version 1.7.0 [58]. All experiments are conducted on a Linux

server equipped with an Intel® Xeon® CPU E5-2650 v4 and
8 NVIDIA TITAN RTX GPUs.
5.3. Identification of hierarchical emotional areas

To identify the hierarchical emotional areas, we conduct
experiments on Dataset 1 and use the Power Atlas [40]
to define ROIs. The Power Atlas comprises 264 putative
functional areas (i.e., ROIs) distributed across 13 functional
systems and one uncertain system. All the systems are listed
at the top of Figure 2. The fMRI time series for each ROI is
obtained by averaging the activity of voxels within a fixed-
radius sphere of 5mm, centered on the ROI coordinates
defined by the Power Atlas. Subsequently, we construct the
brain network, extract the brain tree, and identify hierar-
chical emotional areas according to the methodologies de-
scribed in Sections 4.1 and 4.3. We present the identification
results for the overall experience of all basic emotions, as
well as those for the single experiences of the most rep-
resentative positive and negative emotions: happiness and
sadness. The identified hierarchical emotional areas for these
three types are illustrated in Figure 2.
5.4. Performance of emotion decoding

To perform cross-dataset emotion decoding, we build the
HEmoN model by exploiting the identified hierarchical emo-
tional areas and evaluate its performance on Dataset 2. Let 𝒚𝑖and �̂�𝑖 denote the true and predicted emotion rating vectors
for the 𝑖th stimulus, respectively, where �̂�𝑖 is calculated
according to the steps described in Section 4.4. Additionally,
let the scalars 𝑦𝑖𝑗 and �̂�𝑖𝑗 denote the true and predicted ratings
for the 𝑗th emotion category in the 𝑖th stimulus, respectively.
We take the Mean Absolute Error (MAE), which is widely
used in regression tasks, as our evaluation metric. The MAE
value 𝛼 is calculated as:

𝛼 = 1
𝑁𝑠

𝑁𝑠
∑

𝑖=1

𝐶
∑

𝑗=1

|

|

|

𝑦𝑖𝑗 − �̂�𝑖𝑗
|

|

|

(4)

where𝑁𝑠 denotes the number of stimuli. Since most emotion
categories have ratings close to or containing zeros, Eq. (4)
performs the sum operation ∑𝐶

𝑗=1 instead of the average
operation 1

𝐶
∑𝐶

𝑗=1 across all 𝐶 emotion categories.
Since Dataset 2 has already been split into training and

test sets, we adopt the default split and perform emotion
decoding between the fMRI responses to each emotional
stimulus and its corresponding emotion ratings. Specifically,
in each experimental run, we use the training set consist-
ing of 3600 pairs to train the model and then evaluate its
performance on the test set consisting of 1800 pairs. We
repeat this process 10 times and report the evaluation result
based on the test MAEs of these 10 runs. Furthermore,
we compare HEmoN with multiple competitive baselines,
including Fully-connected Neural Network (FNN), Graph
Convolutional Network (GCN) [59], Graph Isomorphism
Network (GIN) [60], BrainNetCNN [61], BrainGNN [34],
Brain Network Transformer (BrainNetTF) [62], and Graph-
enhanced Emotion Decoding (GED) [38]. The evaluation
results on Dataset 2 are summarized in Figure 3.
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Figure 3: Emotion decoding results (measured by MAE, lower is better) on Dataset 2. The black error bars represent the standard
deviation.

5.5. Ablation study
The hierarchical emotional areas and the information

fusion rule of brain regions play pivotal roles in our HEmoN
model. Therefore, we conduct ablation studies to investigate
their impacts on model performance. Specifically, we re-
place the hierarchical emotional areas with a single 1st-level
emotional area to assess the impact of hierarchical emo-
tional areas. In addition, we perform a depth-first traversal
on the brain tree and fuse information among brain regions
based on the traversal result instead of hierarchical emotional
areas to assess the impact of the information fusion rule. The
corresponding results are shown in Figure 3, where the suf-
fixes “-EA1” and “-DFT” represent the 1st-level emotional
area and the depth-first traversal, respectively.

6. Discussion
Figure 2a reveals that for the overall experience of all

basic emotions, the 1st-level emotional area mainly includes
sensory/somatomotor, auditory, default mode, visual, and
subcortical systems. These functional systems involve var-
ious senses, including sight (visual), sound (auditory), and
touch (sensory/somatomotor), enabling individuals to per-
ceive external emotional stimuli and thus creating necessary
conditions for the construction of core affect. In addition, a

small portion of this area includes salience and ventral atten-
tion systems, which also contribute to the perception of ex-
ternal stimuli and the construction of core affect. Moreover,
the default mode and subcortical systems play key roles in
distinguishing experiences of discrete emotions [6, 7, 10, 12,
63], thereby promoting the recognition, identification, and
perception of emotions. In summary, the 1st-level emotional
area primarily facilitates the fundamental process of emotion
perception. The 2nd-level emotional area mainly includes
sensory/somatomotor, cingulo-opercular task control, au-
ditory, default mode, visual, fronto-parietal task control,
salience, subcortical, and cerebellar systems. This emotional
area primarily facilitates the construction of basic psycho-
logical operations. For instance, the anterior cingulate cortex
in the cingulo-opercular task control system and the amyg-
dala in the subcortical system both play pivotal roles in core
affect [4, 64, 65]. In addition, a small portion of this area in-
cludes memory retrieval, ventral attention, and dorsal atten-
tion systems, which contribute to the construction of concep-
tualization and executive attention. Moreover, Broca’s and
Wernicke’s areas contained in this area are essential for the
production and comprehension of human language [66–68].
It is worth noting that our finding of the 2nd-level emotional
area is consistent with a previous study [8], which iden-
tified a general emotion pathway connecting neural nodes
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involved in these basic psychological operations. The 3rd-
level emotional area mainly includes sensory/somatomotor,
cingulo-opercular task control, default mode, visual, fronto-
parietal task control, salience, and dorsal attention systems.
These functional systems typically participate in advanced
cognitive processes, thereby facilitating the coordination and
integration of the above basic psychological operations.

Figure 2b reveals that for a single experience of hap-
piness, the 1st-level emotional area mainly includes sen-
sory/somatomotor, default mode, visual, and subcortical
systems. In addition, a small portion of this area includes
salience and ventral attention systems. These functional
systems are similar to those found in all basic emotions, with
the exception of the auditory system. A possible explanation
for the absence of the auditory system is that visual infor-
mation is more dominant than auditory information in the
perception of happiness. This conjecture is supported by an
interesting study [69], which demonstrates that happiness
is more easily perceived visually than auditorily. The 2nd-
level emotional area mainly includes sensory/somatomotor,
cingulo-opercular task control, default mode, visual, fronto-
parietal task control, salience, subcortical, ventral atten-
tion, and cerebellar systems. In addition, a small portion
of this area includes auditory, memory retrieval, and dor-
sal attention systems. The activation of happiness in the
brain is associated with multiple brain regions within these
functional systems, such as the anterior cingulate cortex,
prefrontal cortex, and insula in cingulo-opercular task con-
trol and salience systems [70, 71]. The 3rd-level emotional
area mainly includes sensory/somatomotor, auditory, default
mode, visual, fronto-parietal task control, salience, ventral
attention, and dorsal attention systems.

Figure 2c reveals that for a single experience of sad-
ness, the 1st-level emotional area mainly includes audi-
tory, default mode, memory retrieval, visual, fronto-parietal
task control, ventral attention, and dorsal attention sys-
tems. These functional systems differ significantly from
those found in all basic emotions. Compared with the
basic emotions, these functional systems incorporate mem-
ory retrieval, fronto-parietal task control, ventral atten-
tion, and dorsal attention systems, while excluding sen-
sory/somatomotor and subcortical systems. This distinction
may stem from the fact that sadness can impair our attention,
memory, and decision-making abilities [72, 73]. As a result,
the above functional systems are the first to be affected
when perceiving sadness. The 2nd-level emotional area
mainly includes sensory/somatomotor, cingulo-opercular
task control, auditory, default mode, visual, fronto-parietal
task control, salience, and subcortical systems. The acti-
vation of sadness in the brain is associated with multiple
brain regions within these functional systems, such as the
anterior cingulate cortex, amygdala, and hippocampus in
cingulo-opercular task control and subcortical systems [74,
75]. The 3rd-level emotional area mainly includes sen-
sory/somatomotor, cingulo-opercular task control, auditory,
default mode, visual, fronto-parietal task control, salience,

subcortical, ventral attention, dorsal attention, and cerebellar
systems.

Furthermore, the emotion decoding results in Figure 3
show that our proposed model, HEmoN, consistently out-
performs advanced models such as BrainNetTF and GED,
achieving outstanding performance in all cases. Competitive
baselines, including BrainNetCNN, BrainGNN, and Brain-
NetTF, utilize convolutional neural networks, graph neural
networks, and transformers to analyze brain networks, re-
spectively. However, they all neglect the information fusion
among multiple brain regions. Therefore, the superior per-
formance of HEmoN in emotion decoding tasks highlights
the importance of integrating information from multiple
brain regions. In addition, as expected, we observe an ob-
vious performance degradation in each ablation of HEmoN-
EA1 and HEmoN-DFT, demonstrating the effectiveness of
both the hierarchical emotional areas and the proposed infor-
mation fusion rule. Interestingly, HEmoN-EA1 is inferior to
HEmoN-DFT in all cases, further showing the potential of
the identified hierarchical emotional areas.

Overall, the experimental evaluation of cross-dataset
emotion decoding demonstrates the significant potential and
strong generalization capability of the identified hierarchical
emotional areas. However, it is worth noting the individual
differences in decoding performance among various sub-
jects. Investigating and addressing these individual differ-
ences constitutes an important topic for future research.

7. Conclusion
In this paper, we investigate the hierarchical emotional

areas in the human brain through multi-source information
fusion and graph machine learning methods. Furthermore,
we provide preliminary insights into the brain mechanisms
underlying specific emotions based on the psychological
constructionist hypothesis. To gain a deeper understanding
of the roles of emotional areas at various levels in emotion
encoding, it is promising to conduct meta-analyses using a
large number of existing literature in future research.
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A. Proof of Theorem 1
Proof. According to the propagation rule, we have

𝒉(𝑘)𝑢 =
∑

𝑤∈ (𝑢)

(

𝑎𝑢𝑤
∑

𝑖∈ (𝑢) 𝑎𝑢𝑖
𝒉(𝑘−1)𝑤

)

(A.1)

where 𝑎𝑢𝑤 is the edge weight between nodes 𝑢 and 𝑤, and
 (𝑢) is the set of 𝑢’s 1-hop neighbors.

After 𝑘 iterations of expansion as in Eq. (A.1), 𝒉(𝑘)𝑢 can
be represented as

𝒉(𝑘)𝑢 = 1
∑

𝑖∈ (𝑢) 𝑎𝑢𝑖

∑

𝑤∈ (𝑢)
𝑎𝑢𝑤 ⋅

1
∑

𝑗∈ (𝑤) 𝑎𝑤𝑗

∑

𝑥∈ (𝑤)
𝑎𝑤𝑥⋯

1
∑

𝑙∈ (𝑦) 𝑎𝑦𝑙

∑

𝑧∈ (𝑦)
𝑎𝑦𝑧𝒉(0)𝑧 (A.2)

Abbreviate the node influence 𝐼𝑇 (𝑢, 𝑣) as 𝐼 . By substitut-
ing Eq. (A.2) into the definition of node influence, we obtain

𝐼 =
‖

‖

‖

‖

‖

𝜕𝒉(𝑘)𝑢

𝜕𝒉(0)𝑣

‖

‖

‖

‖

‖

=
‖

‖

‖

‖

‖

‖

𝜕
𝜕𝒉(0)𝑣

(

1
∑

𝑖∈ (𝑢) 𝑎𝑢𝑖

∑

𝑤∈ (𝑢)
𝑎𝑢𝑤 ⋅

1
∑

𝑗∈ (𝑤) 𝑎𝑤𝑗

∑

𝑥∈ (𝑤)
𝑎𝑤𝑥⋯

1
∑

𝑙∈ (𝑦) 𝑎𝑦𝑙

∑

𝑧∈ (𝑦)
𝑎𝑦𝑧𝒉(0)𝑧

)

‖

‖

‖

‖

‖

‖

=
‖

‖

‖

‖

‖

‖

𝜕
𝜕𝒉(0)𝑣

(

1
∑

𝑖∈ (𝑢) 𝑎𝑢𝑖
𝑎𝑢𝑣1 ⋅

1
∑

𝑗∈ (𝑣1) 𝑎𝑣1𝑗
𝑎𝑣1𝑣2 ⋯

1
∑

𝑙∈ (𝑣𝑘−1) 𝑎𝑣𝑘−1𝑙
𝑎𝑣𝑘−1𝑣𝒉
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(A.3)
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‖

‖

‖
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∑
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⋯
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(A.4)

According to the properties of trees, there exists exactly
one path between nodes 𝑢 and 𝑣; we denote this path as 𝑃 =
(𝑢, 𝑣1, 𝑣2,⋯ , 𝑣𝑘−1, 𝑣). Eq. (A.3) holds because the partial
derivative of nodes that are not in 𝑃 becomes 0, leading
to their elimination. Eq. (A.4) holds because the Jacobian
matrix 𝜕𝒉(0)𝑣 ∕𝜕𝒉(0)𝑣 is the identity matrix 𝐼𝑐0 , and its induced
norm ‖𝑰𝑐0‖ equals 1.

B. Proof of Theorem 2
Proof. Without loss of generality, we consider an arbitrary
path 𝑃 of length 𝑚 with vertex sequence (𝑣0, 𝑣1,… , 𝑣𝑚).According to Eq. (1), the node influence 𝐼𝑃 (𝑣𝑖, 𝑣𝑗) of any
pair of nodes 𝑣𝑖 and 𝑣𝑗 with a distance of 𝑘 in path 𝑃 is

𝐼𝑃 (𝑣𝑖, 𝑣𝑗) =
1

2𝑘−1
, s.t. |𝑖 − 𝑗| = 𝑘 (B.1)

In addition, there are a total of (𝑚 − 𝑘 + 1) pairs of nodes
with a distance of 𝑘 (1 ≤ 𝑘 ≤ 𝑚) in path 𝑃 . By using the
definition of path information and Eq. (B.1), we obtain

𝐼(𝑃 ) =
𝑚
∑

𝑖,𝑗=0
𝑖≠𝑗

𝐼𝑃 (𝑣𝑖, 𝑣𝑗)

= 2 ⋅
𝑚
∑

𝑘=1

𝑚−𝑘
∑

𝑖=0
𝐼𝑃 (𝑣𝑖, 𝑣𝑖+𝑘)

=
𝑚
∑

𝑘=1
(𝑚 − 𝑘 + 1) ⋅ 2

2𝑘−1

Thus, finding a path with the maximum path information in
tree 𝑇 is equivalent to solving the following optimization
problem:

max
𝑚

𝐼(𝑃 ) =
𝑚
∑

𝑘=1
(𝑚 − 𝑘 + 1) ⋅ 2

2𝑘−1
(B.2)

s.t. 1 ≤ 𝑚 ≤ 𝔡
𝑚 ∈ ℤ+

where 𝔡 is the diameter of tree 𝑇 .
Consider a finite sequence (

𝑥𝑚
)𝔡
𝑚=1 that corresponds to

the objective function Eq. (B.2), where

𝑥𝑚 =
𝑚
∑

𝑘=1
(𝑚 − 𝑘 + 1) ⋅ 2

2𝑘−1

Since

𝑥𝑚+1 − 𝑥𝑚 =
𝑚+1
∑

𝑘=1

2
2𝑘−1

> 0, ∀𝑚 ∈ ℤ+

We can conclude that sequence (

𝑥𝑚
)𝔡
𝑚=1 is strictly increas-

ing. Accordingly, the optimization problem described in
Eq. (B.2) is equivalent to the following one:

max
𝑚

𝑚
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Figure 4: A brain tree (left, adapted from Figure 1) and the process of identifying its hierarchical trunks (middle and right).

s.t. 1 ≤ 𝑚 ≤ 𝔡
𝑚 ∈ ℤ+

Clearly, the optimal solution is �̂� = 𝔡, which corresponds
to the longest shortest path 𝑃 . In conclusion, the longest
shortest path 𝑃 has the maximum path information 𝐼(𝑃 ) =
∑𝔡

𝑘=1 (𝔡 − 𝑘 + 1) ⋅ 2
2𝑘−1 .

C. Illustration of the HEmoN model
In this section, we illustrate the process of identifying

hierarchical trunks and the representation learning process
of our proposed HEmoN model through a concrete example,
as shown in Figure 4. Let 𝑇 = ( ,) denote the brain tree
in Figure 4, where

 = {𝑣0, 𝑣1,… , 𝑣6, 𝑢0, 𝑢1, 𝑢2 } ,
 = {(𝑣0, 𝑣1), (𝑣1, 𝑣2),… , (𝑣5, 𝑣6),

(𝑢1, 𝑢2), (𝑣2, 𝑢0), (𝑣3, 𝑢1) } .

According to the methodology described in Section 4.3,
we designate the longest shortest path as the main trunk 𝔱1.
As a result, we obtain the set of 1st-level trunk 1 = {𝔱1}.
Then, we remove 1 from 𝑇 , and the remaining part becomes
a forest 𝐹1. This forest contains two connected components:
connected component 1 and connected component 2, with
each component being a (sub)tree. To identify the trunks at
the second level, we search for the longest shortest path in
each connected component of the forest. Accordingly, we
obtain the 2nd-level trunk 𝔱2,1 in connected component 1,
the 2nd-level trunk 𝔱2,2 in connected component 2, and thus
the set of 2nd-level trunks 2 = {𝔱2,1, 𝔱2,2}.

Since there are no remaining nodes after removing 2from 𝐹1, we stop the process of identifying hierarchical
trunks and decompose 𝑇 into two levels of trunks, i.e., 1 =
{𝔱1} and 2 = {𝔱2,1, 𝔱2,2}.

After obtaining all the trunks at each level, we learn the
trunk representation 𝒉(𝓁)𝑇 for each level 𝓁, which also serves
as the representation of the emotional area at the 𝓁th level.
According to Eq. (2), we have

𝒉(1)𝑇 = LSTM
(

𝒙(𝔱1)𝑣0 ,𝒙(𝔱1)𝑣1 ,⋯ ,𝒙(𝔱1)𝑣6

)

𝒉(2)𝑇 = LSTM
(

𝒙(𝔱2,1)𝑢0 ,𝒙(𝔱2,1)𝑣2

)

+

LSTM
(

𝒙(𝔱2,2)𝑣3 ,𝒙(𝔱2,2)𝑢1 ,𝒙(𝔱2,2)𝑢2

)

Finally, according to Eq. (3), we combine both the trunk
representations to create a representation of the brain tree 𝑇 :

𝒉𝑇 =
2
∑

𝓁=1
𝑾 (𝓁)𝒉(𝓁)𝑇 = 𝑾 (1)𝒉(1)𝑇 +𝑾 (2)𝒉(2)𝑇 .
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