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Abstract

Considering the importance of capturing both global con-
versational topics and local speaker dependencies for mul-
timodal emotion recognition in conversations, current ap-
proaches first utilize sequence models like Transformer to
extract global context information, then apply Graph Neural
Networks to model local speaker dependencies for local con-
text information extraction, coupled with Graph Contrastive
Learning (GCL) to enhance node representation learning.
However, this sequential design introduces potential biases:
the extracted global context information inevitably influences
subsequent processing, compromising the independence and
diversity of the original local features; current graph augmen-
tation methods in GCL cannot consider both global and lo-
cal context information in conversations to evaluate the node
importance, hindering the learning of key information. In-
spired by the human brain excels at handling complex tasks
by efficiently integrating local and global information pro-
cessing mechanisms, we propose an aligned global-local con-
text fusion framework for sequence-based design to address
these problems. This design includes a dual-attention Trans-
former and a dual-evaluation method for graph augmentation
in GCL. The dual-attention Transformer combines global at-
tention for overall context extraction with sliding-window at-
tention for local context capture. Meanwhile, spiking neuron
dynamics are introduced to enhance the representation capa-
bility of the extracted features, supporting the effective the
interaction between different modalities from these global
and local cues. The dual-evaluation method in GCL com-
prises global importance evaluation to identify nodes crucial
for overall conversation context, and local importance eval-
uation to detect nodes significant for local semantics, gener-
ating augmented graph views that preserve both global and
local information. This approach ensures balanced informa-
tion processing throughout the pipeline, enhancing biological
plausibility and achieving superior emotion recognition.
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Figure 1: An example of the conversation from Harry Potter,
showcasing the interplay between global and local context.

Introduction
Multimodal emotion recognition in conversations (MERC)
identifies the emotion state of each utterance in the conver-
sion with visual, audio, and text information (Zhang et al.
2024). It has received increasing attention due to its different
applications like conversational speech synthesis (Liu et al.
2024) and social media analytics (Poria et al. 2019).

As shown in Figure 1, two main factors influence the ex-
pression of emotions in a conversation: 1) Global Contextual
Information. The emotion states expressed in utterances are
directly correlated with the overall conversation context. In
Figure 1, the topic “Harry Potter learns he is a wizard” with
its positive tone results in the majority of sentences express-
ing positive emotions in the conversation. For instance, the
utterance u2 is more likely to indicate excitement when con-
sidering the main context of the conversation. 2) Local Con-
text Information. The emotion of the current utterance can be
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influenced by both the nearby speaker’s utterances and those
of others (e.g., u5 is affected by the anger in u4 although the
holistic conversation tone is positive). Considering these fac-
tors, mainstream MERC methods employ a sequence model
like Transformer (Vaswani et al. 2017) to capture the con-
versation’s global context information, and then use Graph
Neural Networks (GNNs) (Scarselli et al. 2009) to model the
local utterances/speaker dependencies (Ghosal et al. 2019;
Sun, Yu, and Fu 2021). Sequence models mainly utilize the
attention mechanism across utterances to enhance the flow
of global context information and generate a representa-
tion for each utterance. Graph models capture the dependen-
cies between utterances/speakers and aggregate information
from surrounding contextual utterances to update the repre-
sentation of the current utterance, enabling an understand-
ing of the conversation’s emotional dynamics. By integrat-
ing both components to capture both global and local con-
text information, these MERC methods achieve remarkable
accuracy (Joshi et al. 2022). The latest, related method in-
troduces Graph Contrastive Learning (GCL) to enhance the
node representation and alleviate the over-smoothing prob-
lem, further improving performance (Li et al. 2023b).

Although this design has achieved great success, it still
faces challenges. It employs a sequential design: a sequence
model captures global context, followed by a graph model
for local context. This design introduces bias, as the global
context influences the subsequent local context extraction,
resulting in a loss of original independence and diversity.
Besides, GCL-based methods often rely on pre-defined view
generation methods, such as random node/edge masking
(You et al. 2020), or automated graph augmentation meth-
ods that select nodes by global semantics change (Yin et al.
2021; Wei et al. 2023). These approaches overlook the dual
influence on both global and local contexts for MERC, lead-
ing to suboptimal node/edge selection and compromising
the learning of critical information and patterns of the graph.

On the contrary, the human brain excels at handling com-
plex tasks like the MERC task by efficiently integrating both
local and global information processing mechanisms at ev-
ery stage, (Wu et al. 2020; Wang et al. 2021; Jiang et al.
2024). which is a crucial element missing in current sequen-
tial structures and GCL. To bridge this gap, we propose a
brain-inspired global-local context fusion framework, called
BIG-FUSION. To capture global context information while
preserving the local one, we propose a dual-attention mech-
anism for Transformer, which combines global attention
to capture overarching context information with sliding-
window attention to extract information from neighboring
utterances. Building upon this dual-attention design, we in-
corporate spiking dynamics, which shows effectively simu-
late interactions between different modalities (Wysoski, Be-
nusková, and Kasabov 2010), potentially enhancing the in-
tegration of multimodal information in emotion recognition
(Wang et al. 2024). We utilize rate coding in spiking neural
networks (SNNs) and spike frequencies to interpret and de-
code attention outputs (Xu et al. 2021b). Spiking dynamics,
by mimicking the functioning of human neurons, further re-
inforce our brain-inspired design. To benefit GCL learning
comprehensive information, we introduce a dual-evaluation

approach aimed at node selection for automated graph aug-
mentation to create augmented graph views that preserve
both global and local context information: for global impor-
tance, we perturb individual nodes and compute the mutual
information between the original and perturbed graphs; for
local importance, we perturb a node within a defined sub-
graph and compute the mutual information between the orig-
inal and perturbed sub-graphs. The main contributions are:

• We propose BIG-FUSION, a brain-inspired MERC model
that incorporates global-local information processing mech-
anisms and spiking dynamics to perform the MERC task in
a biologically plausible manner.

• We propose a dual-attention for Transformer and a dual-
evaluation method for GCL to enable simultaneous process-
ing of both global/local context information, addressing the
information extraction issues in current sequential designs.

• Extensive experiments on two representative MERC
benchmarks show the state-of-the-art (SOTA) performance.

Related Work
Multimodal Emotion Recognition in Conversation
MERC methods are categorized two main ways: sequence-
based approaches use RNNs or Transformers for global con-
text modeling (Majumder et al. 2018; Yang et al. 2023),
while graph-based approaches leverage GNNs for local con-
text modeling and speaker dependencies (Zhang, Chen, and
Chen 2023; Tu et al. 2024). Current MERC methods have
started to model both global and local context informa-
tion by combining sequence-based and graph-based models,
achieving complete context modeling for conversations and
advanced performance (Joshi et al. 2022; Li et al. 2023b;
Tu et al. 2024). However, they typically employ a sequential
design, using a sequence model to first capture global con-
text information, followed by a graph model to extract local
context information. In this case, global context information
interferes the local context information extraction and the
downstream task relies on local context information, com-
promising the integrity of the information. Thus, we design
an aligned global-local context fusion framework for both
components to maintain an information balance.

Graph Contrastive Learning
Graph methods face over-smoothing issues (Tan et al. 2024;
Li et al. 2023a), hindering emotion representation. Li et al.
(2023b) introduced GCL for better node distinction. How-
ever, they use conventional pre-defined view generation
techniques such as random dropout/masking to augment dif-
ferent graph views, ignoring the discrepancy in the impact of
different nodes/edges. Current GCL methods assess impor-
tance via global semantics, overlooking nodes key to local-
global semantics (Suresh et al. 2024; Yin et al. 2021; Wei
et al. 2023). In the MERC task, these methods may hinder
the learning of comprehensive context information and pat-
terns within graphs. Since GCL mainly focuses on the rela-
tive relationships between samples rather than their absolute
characteristics, it tends to be invariant to corruption induced
by such graph augmentation scheme (Xiao et al. 2020).
To overcome this problem, we propose a dual-evaluation
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method that can evaluate the node importance on both lo-
cal and global semantics.

Global-Local Information in the Human Brain
The human brain employs both global and local process-
ing mechanisms to achieve high accuracy in complex tasks
(Wu et al. 2020). During global context processing, the hu-
man brain preserves relevant local information, utilizing it
to enrich and refine the overall contextual understanding.
When processing local information, the human brain consid-
ers global context to guide and modulate responses, thereby
enhancing decision accuracy (Lin et al. 2019; Primativo and
Arduino 2023). The human brain’s integration of global and
local information processing inspires our model design.

Spiking Attention
SNNs model the neural dynamics of biological neurons
through discrete spike discharges, achieving higher biologi-
cal interpretability (Xu et al. 2023; Yin et al. 2024; Xu et al.
2021a; Zhao et al. 2022). Spiking attention, closely mimick-
ing human brain’s functioning, dynamically adjusts neuron
activation thresholds based on information context, facilitat-
ing multimodal information capture (Wang et al. 2024).

Preliminary
Notations and Task Definition
In the MERC, a training dataset D = {(Ci,Yi)}Ni=1 is given,
where Ci represents the i-th conversation, each conversation
contains utterances Ci = {u1, . . . ,un}, and Yi ∈ Yn, given
label set Y = {y1, . . . , yl} of l emotion classes. Let Xv ,
Xa, Xt be the visual, audio, and text feature spaces, respec-
tively. MERC aims to learn a function F : Xv×Xa×Xt →
Y that can recognize the emotion label for each utterance.

Utterance-level Encoder
Here, we introduce the feature extraction of each modal-
ity: Audio modality. We use OpenSmile (Eyben, Wöllmer,
and Schuller 2010) to extract acoustic features. Then, a fully
connected layer is used to reduce the dimension of acoustic
feature representations to 1,582 for the IEMOCAP dataset
and 300 for the MELD dataset. Text modality. We employ
RoBERTa model (Liu et al. 2019) to extract textual features
and the dimension is 1024 for both datasets. Visual modal-
ity. We use a pretrained DenseNet (Huang, Liu, and Wein-
berger 2016) and the dimension is 342 for both datasets.

Graph Construction
Graph construction aims to establish relationships between
utterances, preserving both intra-speaker and inter-speaker
dependencies in a conversation. We define the i-th conver-
sation with P speakers as Ci = {US1 , . . . ,USP }, where USi

= {uSi
1 , . . . ,uSi

m} represents the set of utterances spoken by
speaker Si. In the graph, nodes represent utterances, and di-
rected edges represent speaker relations: Rij = ui → uj ,
with the arrow indicating the speaking order. Rintra ∈
USi → USi captures the intra-relations between utterances
from same speaker, while Rinter ∈ USi → USj , i ̸= j cap-
tures the inter-relations between utterances from different

speakers. Node representations are initialized using the out-
put from the Transformer, and the neighborhood range for
each node is determined by a specified window size w.

Graph Contrastive Learning
GCL utilizes a graph encoder like Relational Graph Con-
volutional Network (RGCN) (Schlichtkrull et al. 2017) to
extract node hidden representations. For original and aug-
mented graphs, the hidden representations are both denoted
as H = {x1, . . . , xn} and H

′
= {x′

1, . . . , x
′

n}, where xi

represents the hidden representation of the i-th node. GCL
encompasses both intra-view and inter-view mechanisms to
learn distinctive node representations. Given the definition
of positive and negative pairs as (xi,x

′

i)
+ and (xi,x

′

j)
−,

where i ̸= j, the inter-view loss for the i-th node is:

Li
inter = − log

exp(sim(xi,x
′

i))
n∑

j=1

exp(sim(xi,x
′
j))

,
(1)

where sim(·, ·) denotes the cosine similarity. Intra-view
GCL regards all nodes in the original view except the anchor
node as negatives. Given negative samples pairs (xi,xj)

−

where i ̸= j, the intra-view loss for the i-th node is:

Li
intra = − log

exp(sim(xi,x
′

i))
n∑

j=1

exp(sim(xi,xj))
.

(2)

The contrastive objective function Lct is formulated as:

Lcl =
1

2n

n∑
i=1

(Li
inter + Li

intra). (3)

Methodology
In this section, we will introduce each part of BIG-FUSION
sequentially and the overview is displayed in Figure 3.

Dual Attention
Dual-attention has global and local attention mechanisms to
capture and preserve both key global and local context in-
formation. Let X ∈ RB×N×D be the input tensor, where
B is the batch size, N is the sequence length, and D is the
embedding dimension. Global Attention can be defined as:

AG(Q,K,V) = softmax
(
QKT

√
dk

)
V (4)

where Q,K,V ∈ RB×N×dk are the query, key, and value
respectively. dk is the dimension of the key vectors. Local
Attention employs a sliding-window to limit attention range
and shift attention, and it is defined as:

AL(Q,K,V) = Aggregate[softmax
(
QiK

T
i√

dk

)
Vi] (5)

where Qi,Ki,Vi ∈ RB×w×dk are the i-th window of size
w. The step size of the slide is 1 for capturing the local atten-
tion of each utterance. Aggregate represents weight-based
fusion for windows. The final dual-attention mechanism is:
A(Q,K,V) = αAG(Q,K,V) + (1− α)AL(Q,K,V)

(6)
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Figure 2: The BIG-FUSION comprises three key components: a dual-attention-based Transformer, a dual-evaluation-based graph
augmentation for GCL, and a classifier.

where α ∈ [0, 1] is the weight coefficient to control the local
and global information.

Spiking Attention
After the initial integration of multimodal stimuli, the in-
formation undergoes processing and refinement in the tha-
lamus. Refinement specifically operates by regulating the
spiking activity between neurons, simulating interactions
between different modalities to handle high redundancy and
complex structure multimodal data (Yu et al. 2023). Thus,
we employ a spiking attention mechanism to enhance fea-
ture extraction capabilities and improve the model’s biolog-
ical interpretability:

Q̂ = SN(Q), K̂ = SN(K), V̂ = SN(V) (7)
SN represents a spiking neuron layer and is formulated as:
H(t) = βU(t− 1)·(1−Θ(U(t− 1)− Vth)) +X(t) (8)

where H(t) and U(t − 1) denotes the current and last
membrane potentials of the Leaky Integrate-and-Fire neu-
ron, and β is the decay constant. X(t) is the input excitation
and Θ is the Heaviside function. We exploit rate coding in
SNNs, leveraging spike frequencies to decode attention out-
puts. Considering that batch-processed inputs contain zero
padding, we propose a threshold regulation mechanism. We
continuously improve the threshold Vth as time steps in-
crease to inhibit pulse firing of the input padding part. This
adaptive threshold approach enables the model to effectively
distinguish between meaningful input signals and padding.
Q,K,V in Eqs. 4, 5, 6 are substituted by those in Eq. 7.

Dual Node Importance Evaluation
To obtain an augmented graph H

′
while keeping com-

prehensive information and patterns, graph augmentation
should consider both global and local context information.

Global importance evaluation. The core idea is to iden-
tify the critical node xi in H that influences the topic/back-
ground context information of the conversation and maxi-
mizes the mutual information between H

′
. Formally speak-

ing, we define the graph representation as:

hH = Aggregation (xi | i ∈ V ) ,

where V is the number of nodes in the graph and Aggre-
gation refers to the mean aggregation of node features fol-
lowing the RGCN. We introduce Gaussian noise as pertur-
bations to the initial representation of a node in a graph H,
i.e., xi + ϵ, for i ∈ V , will result difference in the mutual
information IG(h

′

H,hH) and the formulation is defined as:

IG(h
′

H,hH) = E(h
′

H) + E(hH)− E(h
′

H,hH)

where E is the entropy. If ∆IG is significant, the node in
H is considered important in the global context information
learning and critical for distinguishing the semantic changes.

Local importance evaluation. The core idea is to identify
the critical nodes xi in H that are either representative of lo-
cal emotions or indicative of significant local emotion shifts.
Here we use the aforementioned window size to define the
sub-graph S as the range of local context. The representation
of the sub-graph can be formulated as:

hS = Aggregation (xi | i ∈ Nw(v) ∩ V ) , (9)

where Nw(v) represents the neighborhood of node v defined
by the window size w. Similar to global importance evalua-
tion, we can obtain mutual information IL(h

′

S,hS).
The overall importance of a node can be defined as:

I(v) = γĨG + (1− γ)ĨL (10)

where˜is the normalization. γ ∈ [0, 1] is the weight coeffi-
cient. We set lower weights for edges of ρ% nodes with the
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least overall importance to create the augmented graph view
H

′
. In this way, we introduce differences between the orig-

inal and augmented views and preserve the graph’s global
and local characteristics, facilitating GCL.

Classifier
We use cross-entropy loss for classification as:

Lce = − 1

n

n∑
i=1

k∑
j=1

yji log (ŷ
j
i ), (11)

where k is the number of emotion classes, n is the number
of utterances, ŷji is the i-th predicted label, and yji is the i-th
ground truth of j-th class. Our final objective function is:

Lall = Lce + λLcl, (12)

λ is the weight of GCL loss and tuned on the validation set.

Conversations Utterances
Dataset train val test train val test classes
MELD 1,039 114 280 9,989 1,109 2,610 7
IEMOCAP 120 – 31 5,810 – 1,623 6

Table 1: Statistics of MELD and IEMOCAP datasets.

Experiments
Experimental Settings
Datasets and Metrics. We do evaluations on two renowned
conversational datasets: 1) The IEMOCAP dataset (Busso
et al. 2008) comprises scripted conversations performed by
actors. Each utterance is classified into one of the follow-
ing categories: anger, excitement, sadness, happiness, frus-
tration, or neutral. As IEMOCAP lacks a predefined valida-
tion split, we adopt the approach of (Zhang, Chen, and Chen
2023; Li et al. 2023b), reserving the final 10% of the training
set for validation. 2) The MELD dataset (Poria et al. 2019)
is derived from multi-party conversations in the Friends TV
series. Utterances are labeled with one of seven emotions:
anger, disgust, sadness, joy, surprise, fear, or neutral. The
statistics of these datasets are drawn in Table 1.

Implementation and hyperparameter setting. We em-
ploy the Weighted F1-score (WF1) as the evaluation metrics
following Li et al. (2023b); Tu et al. (2024). All results are
the average of 5 runs with different random seeds. We train
models on a single RTX 3090 GPU based on the PyTorch
framework. We tuned the hyperparameters for BIG-FUSION
on the IEMOCAP and MELD datasets using their validation
sets. We train BIG-FUSION using the Adam optimizer with a
learning rate of 3e-5, a weight decay of 1e-8, and a batch size
of 32 conversations. We create two different views for GCL
with ρ% of 0.4 and 0.2 for the IEMOCAP dataset, and 0.6
and 0.3 for the MELD dataset, respectively. The temperature
of GCL is 1, the sliding-window is 5, and the coefficient of
GCL loss λ is 0.5. We set the size of the utterance window
to 6 for the IEMOCAP dataset and 4 for the MELD dataset.

Baselines. For a comprehensive performance evalua-
tion, we compare BIG-FUSION with the following SOTA
baselines, categorized into sequence-based methods: Dia-
logueRNN (Majumder et al. 2018), HCL (Yang et al. 2022),
MVN (Ma et al. 2022), and SCMM (Yang et al. 2023);
graph-based fusion-based methods: MMGCN (Hu et al.
2021), MMDFN (Hu et al. 2022), GA2MIF (Li et al. 2022),
and CMCF-SRNet (Zhang and Li 2023); sequential-design-
based methods: COGMEN (Joshi et al. 2022), Joyful (Li
et al. 2023b), and AdaIGN (Tu et al. 2024).

Quantitative Results
With the same data partition, we evaluate the proposed BIG-
FUSION against SOTA baselines to illustrate the effective-
ness of our method. We report weighted F1 scores as the
overall evaluation metric for MERC models and also pro-
vide F1 scores for each emotion class. Following Li et al.
(2023b); Tu et al. (2024) we exclude the Fear and Disgust
classes on the MELD dataset due to insufficient training
samples to yield statistically significant results. The results
of both two datasets are presented in Table 2. Specifically,
we have the following findings: 1) BIG-FUSION demon-
strates superior performance in the MERC task compared to
SOTA sequence-, graph-, sequential design-based baselines.
It achieves weighted F1 scores that surpass the strongest
baseline by 2.65% and 0.57% on the two datasets, sep-
arately. 2) BIG-FUSION demonstrates improvements over
the sequential-design-based baselines on these two datasets,
which is attributed to its brain-inspired global-local context
fusion framework. Unlike sequential designs that introduce
bias by allowing global context to influence local context ex-
traction, BIG-FUSION employs a dual-attention Transformer.
This mechanism simultaneously processes global and local
context information, preserving the independence and di-
versity of both contexts. By incorporating spiking dynam-
ics into the attention module, BIG-FUSION mimics human
neural processing, enhancing multimodal integration. The
dual-evaluation approach in graph augmentation considers
both overarching patterns and local structures, creating aug-
mented graph views with comprehensive semantic represen-
tations. By addressing the inherent limitations of sequential
designs, BIG-FUSION achieves a holistic understanding of
emotion context in conversations, benefiting the MERC task.

Graph Contrastive Learning Methods
Here, we analyze the superiority of BIG-FUSION compared
to other advanced GCL methods: GraphCL (You et al.
2020), GCA (Zhu et al. 2021), Auto-GCL (Yin et al. 2021),
GCS (Wei et al. 2023), VMA (Duan et al. 2023) and Ad-
GCL (Suresh et al. 2024). To ensure a fair comparison, we
only replace the GCL component of BIG-FUSION and re-
port the performance using optimal hyperparameter settings,
and Table 3 shows results. This improvement is attributed
to its dual-evaluation approach for graph augmentation in
GCL, which accounts for node importance in both local and
global contexts. By preserving nodes with crucial seman-
tic significance in either context, BIG-FUSION creates aug-
mented graph views that retain both global and local context
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Methods IEMOCAP MELD
Happy Sad Neutral Angry Excited Frustrated WF1 Neutral Surprise Sadness Happy Anger WF1

DialogueRNN 32.20 80.26 57.89 62.82 73.87 59.76 62.89 76.97 47.69 20.41 50.92 45.52 57.66
HCL 48.97 82.21 68.08 66.72 69.43 68.73 68.73 - - - - - 63.89
MVN 55.75 73.30 61.88 65.96 69.50 64.21 65.44 76.65 53.18 21.82 53.62 42.55 59.03
SCMM 45.37 78.76 63.54 66.05 76.70 66.18 67.53 - - - - - 59.44

MMGCN 45.14 77.16 64.36 68.82 74.71 61.40 66.26 76.33 48.15 26.74 53.02 46.09 58.31
MMDFN 42.22 78.98 66.42 69.77 75.56 66.33 68.18 77.76 50.69 22.93 54.78 47.82 59.46
GA2MIF 46.15 84.50 68.38 70.29 75.99 66.49 70.00 76.92 49.08 27.18 51.87 48.52 58.94
CMCF-SRNet 52.20 80.90 68.80 70.30 76.70 61.60 69.60 77.20 52.90 36.00 55.80 43.90 61.80

COGMEN 51.91 81.72 68.61 66.02 75.31 58.23 67.63 75.31 46.75 33.52 54.98 45.81 58.66
Joyful 60.94 84.42 68.24 69.95 73.54 67.55 71.03 76.80 51.91 41.78 56.89 50.71 61.77
AdaIGN 53.04 81.47 71.26 65.87 76.34 67.79 70.74 79.75 60.53 43.70 64.54 56.15 66.79
BIG-FUSION 62.03 83.64 73.03 68.38 77.21 68.66 72.91 80.61 60.59 41.82 64.65 55.59 67.17

Table 2: Performance comparison with baselines on the IEMOCAP and MELD datasets. The second-highest value is underlined.

Methods IEMOCAP MELD
Happy Sad Neutral Angry Excited Frustrated WF1 Neutral Surprise Sadness Happy Anger WF1

GraphCL 54.49 80.25 70.32 69.79 70.91 65.03 69.01 79.63 57.10 40.63 65.23 50.54 65.09
GCA 53.16 82.17 73.22 66.30 72.73 67.69 70.68 80.02 57.52 42.04 64.44 53.64 66.31
GCS 51.59 80.81 72.09 68.62 70.99 66.03 69.60 79.34 58.68 38.55 64.55 55.60 66.20
AD-GCL 50.65 82.05 71.26 65.70 74.66 68.55 70.47 79.75 57.33 42.14 63.63 50.59 65.48
Auto-GCL 53.97 81.06 72.46 69.59 76.27 68.09 71.49 80.08 58.50 37.46 64.55 54.05 66.17
VMA 51.30 82.91 71.92 65.36 71.51 65.75 69.54 79.64 58.00 41.57 63.71 53.92 66.24

BIG-FUSION 62.03 83.64 73.03 68.38 77.21 68.66 72.91 80.61 60.59 41.82 64.65 55.59 67.17

Table 3: Performance comparison of different automated graph augmentation methods on IEMOCAP and MELD datasets.

Methods IEMOCAP MELD
Acc WF1 Acc WF1

COMPLETE 72.64 72.91 68.24 67.17
w/o GCL 68.39 68.50 65.51 64.79
- w/o Local 70.92 71.23 66.05 65.49
- w/o Global 71.60 71.76 66.93 65.99
w/o Spiking attention 71.53 71.72 67.13 65.93
- w/o Local 71.66 71.90 66.59 66.29
- w/o Global 69.44 69.82 66.74 65.82
w/o Threshold reg. 71.87 72.06 67.44 66.34

Table 4: Component-wise ablation study.

information, enabling GCL to learn comprehensive repre-
sentations for the downstream emotion recognition task.

Ablation Study
To demonstrate the effectiveness of each component in BIG-
FUSION, we conduct an ablation study using the IEMOCAP
and MELD datasets. Following Tu et al. (2024), we report
weighted F1 scores and Accuracy, with results presented in
Table 4. The ablation study reveals that removing any com-
ponent of BIG-FUSION leads to performance degradation,

underscoring each part’s significance in the MERC task. No-
tably, discarding either global or local context information
in the Transformer or GCL components introduces perfor-
mance drop, highlighting the necessity of considering both
perspectives. Interestingly, local and global context informa-
tion exhibit varying contributions in the Transformer and
GCL components. This difference may reflect the inherent
characteristics of Transformer and GCL in capturing distinct
aspects of conversational context. We further investigate this
phenomenon in the following section.

Global-Local Context Sensitive Study
In this section, we explore the importance of global and lo-
cal context information in both Transformer and GCL com-
ponents with IEMOCAP and MELD datasets, i.e. the sen-
sitive study of α. The results are visualized in Figure 4. In
both datasets, the weighted F1 scores show a general up-
ward trend as the Local Weight for GCL and Global Weight
for the Transformer increase. Peak performance is observed
when both weights approach 0.6-0.8, indicating that a slight
bias towards GCL’s local information processing and Trans-
former’s global information processing yields optimal re-
sults, aligning with the inherent strengths of these compo-
nents. Notably, completely neglecting either aspect (weight
of 0) leads to performance degradation, underscoring the im-
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portance of considering both local and global context infor-
mation. Overall, the optimal performance point occurs when
each component focuses primarily on its specialization (lo-
cal for GCL, global for Transformer) while maintaining con-
sideration of another aspect of information.

Figure 3: Heat maps illustrating the impact of balancing lo-
cal and global information in Spiking Attention and GCL
components for (a) IEMOCAP and (b) MELD datasets.

Case Study
To further demonstrate the effectiveness of BIG-FUSION, we
visualize a case from the MELD dataset in Figure 5 and se-
lect Joyful and AdaIGN for comparison. Their incorrect pre-
diction might stem from a sequential global-local context
extraction mechanism. It may lead to an overemphasis on
global information (overall emotion is sadness), causing it
to interfere with and potentially override the neutral tone of
the local context (the conversation turns), resulting in mis-
classification. In contrast, BIG-FUSION is brain-inspired and
simultaneously extracts and preserves both global and local
context. This parallel processing allows the model to main-
tain a balance between the overarching topic and the specific
utterance content. By doing so, it can accurately capture the
neutral tone of the local context without being overly influ-
enced by the global sadness context, demonstrating its supe-
rior ability to integrate diverse context information.

Figure 4: Emotion predictions across different models.

Effectiveness of Spiking Attention
In this section, we further explore the effectiveness of spik-
ing attention from two aspects. Principal component analy-
sis: as Figure 6 (a) shows, it achieves higher cumulative ex-
plained variance across principal components, particularly
initial ones, indicating more effective concentration of key
information in fewer dimensions. Figure 6 (b)’s steeper early
curve for spiking attention confirms its enhanced ability to
capture data variance with fewer components. This high-
lights its information extraction ability and the characteristic
of condensing key information into fewer dimensions, which

might be viewed as the interaction between different modal-
ities; Optimization: From Figure 6 (c), the spiking contours
are more concentrated and uniform near the local minimum,
suggesting a more stable convergence to this point during the
optimization process. Figure 6 (d) demonstrates that spiking
achieves a lower loss and converges to a deeper local mini-
mum, likely due to its superior feature extraction capability.

Figure 5: Principal component analysis ( visualizations (a)
and (b), alongside optimization landscapes (c) and (d), pro-
vide a comprehensive comparison between standard atten-
tion mechanisms and those based on spiking dynamics.
These analyses are conducted using the IEMOCAP dataset,
highlighting differences in feature extraction and optimiza-
tion properties between the two approaches.

Conclusion
In this work, we propose BIG-FUSION, a brain-inspired
global-local context fusion framework designed to over-
come the challenges of current GCL-based sequential de-
signs in the MERC task. BIG-FUSION incorporates a dual-
attention Transformer and a dual-evaluation method for
graph augmentation in GCL, enabling the simultaneous pro-
cessing of global and local context information. This inte-
gration effectively balances context information processing
and enhances the learning of comprehensive emotion se-
mantics. By incorporating spiking dynamics, BIG-FUSION
not only mimics brain neural functions but also improves the
integration of multimodal information, enhancing feature
extraction and increasing biological plausibility. Extensive
experiments on two MERC datasets show that BIG-FUSION
surpasses existing methods, proving its effectiveness.
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