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Abstract

In recent years, deep multimodal learning has seen significant
advancements. However, there remains a lack of multimodal
fusion methods capable of dynamically adjusting the weight-
ing of information both within and across modalities based on
input samples. In the domain of multimodal intent recognition,
the text modality often contains the most relevant informa-
tion for intent detection, while the audio and visual modalities
provide comparatively less critical information. There is a
significant variation in the density of important information
across different modalities and samples. To address this chal-
lenge, we propose a Dynamic-attention Allocation Fusion
(DAF) method with an adaptive network structure that dynam-
ically allocates attention both within individual modalities and
across multiple modalities. This approach enables the model
to focus more effectively on the most informative modalities
and their respective internal features. Furthermore, we intro-
duce a Multi-View Contrastive Learning framework based on
DAF (MVCL-DAF). This framework uses distinct and iso-
lated modules to process information from various modalities,
taking inspiration from the way the human brain processes
multimodal information. Each modality independently infers
intent using its respective module, while DAF integrates the
multimodal information to produce a comprehensive global in-
tent prediction. The text modality, functioning as the primary
modality due to its rich semantic content, guides the other
modules in the multi-view contrastive learning process. Exten-
sive experiments demonstrate that our approach significantly
outperforms existing state-of-the-art methods.

Code — https://github.com/Freyrlake/MVCL-DAF

Introduction

Intent recognition (Ouyang et al. 2021; Chong et al. 2023)
in artificial intelligence involves discerning and identifying
the underlying purpose or intention behind a user’s input,
whether it is conveyed through text, speech, or visual data.
Some of the first research in this area mostly focused on
one type of input, like text (Zou et al. 2022b; Chong et al.
2023) or visual (Tang et al. 2012; Joo et al. 2014; Aneja
et al. 2019). However, in recent years, there have been no-
table advancements in multimodal intent recognition, which
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Ah, very nice to see you again.
\/\ —

What does it mean?

Figure 1: In intent recognition tasks, the distribution of impor-
tant information is highly uneven across different modalities
and samples.

integrates information from multiple modalities to provide a
more comprehensive understanding of user intentions.

Multimodal intent recognition extends beyond traditional
single-modality approaches by simultaneously analyzing data
from text, speech, and visual inputs. This holistic approach
allows the model to capture a more enriched and nuanced
understanding of the user’s intent.

Despite these advancements, existing methodologies fre-
quently fail to account for the varying information density
inherent across different modalities and individual samples.
As shown in Figure 1, the man in the left image is smiling
and greeting the woman with a warm and friendly tone. The
pronounced facial expressions and nuanced vocal intonations
in this interaction render the acoustic and visual modalities
rich with information that can be effectively leveraged to
infer intent. Conversely, the image on the right portrays a
robot devoid of discernible facial expressions, coupled with
a monotonous speech tone, this makes it challenging to ex-
tract significant information from the acoustic and visual
modalities. Research has demonstrated that textual data often
provides more critical insights for intent inference compared
to auditory and visual inputs (Han, Chen, and Poria 2021).
However, relying exclusively on textual information may not
always be sufficient for accurate intent recognition. In certain
scenarios, the integration of visual information (e.g., facial
expressions and gestures) and acoustic cues (e.g., intona-
tion) is essential for achieving a more precise determination
of intent. Nonetheless, discerning intent purely from visual
and acoustic data poses challenges due to the often limited
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Figure 2: The overview architecture of MVCL-DAF. In DAF, we first compute the acoustic and visual weight matrices based on
the input samples by considering the text-acoustic and text-visual pairs. These matrices are used to assign higher weights to the
important information within the acoustic and visual modalities. Subsequently, the weighted acoustic and visual high-dimensional
vectors are used to calculate the attention scores. These attention scores determine the overall weight of each modality.

and ambiguous nature of these modalities. Therefore, it is
imperative to devise strategies that effectively extract per-
tinent information from auditory and visual stimuli, where
intent signals are less evident. Additionally, ensuring that the
model’s attention is appropriately distributed across the vari-
ous input modalities is crucial. This approach ensures that the
model prioritizes the most informative and relevant sources,
thereby enhancing the accuracy of intent recognition.

To tackle the challenge of effective multimodal fusion,
we propose a dynamic attention allocation mechanism. This
innovative approach amplifies the significance of critical in-
formation within the visual and acoustic modalities by adap-
tively modulating the network architecture during both the
training and inference phases. Our method enhances the in-
tegration of textual, visual, and auditory inputs by assigning
distinct attention weights tailored to individual samples. This
allows the model to prioritize the most pertinent information
for intent recognition, thereby facilitating more accurate and
reliable predictions.

Furthermore, we propose a novel multi-view contrastive
learning method for intent recognition (MVCL-DAF), which
builds upon the dynamic attention allocation fusion mecha-
nism. This method conceptualizes text, visual, acoustic, and
their combined inputs as distinct perspectives for intent recog-
nition. In our framework, high-dimensional representations
of textual inputs and intent labels function as anchors in
the contrastive learning process, thereby directing the align-
ment and contrastive learning of other modalities. Inspired
by the human brain’s processing of visual and auditory in-
formation across different regions (Kaas and Hackett 2000;
Romo and Salinas 2003; Wandell and Winawer 2015), we
employ three independent modules to process each modality
separately, enabling the learning of high-dimensional repre-
sentations tailored to each input type. These representations
are then integrated through the dynamic attention allocation
fusion module. Extensive experiments demonstrate that our
approach significantly outperforms state-of-the-art methods
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across various datasets. The primary contributions of this
work are as follows:

* We developed a dynamic attention allocation fusion (DAF)
module that adaptively assigns appropriate weights to
both the critical information within each modality and the
modalities themselves.

* Building upon the DAF module, we introduced a multi-
view contrastive learning framework. This method, in-
spired by the brain’s processing of multimodal informa-
tion, treats different modalities as distinct perspectives.
By comparing information across these perspectives, our
approach significantly enhances the accuracy of intent
recognition.

* We validated our approach on two challenging datasets,
demonstrating that it surpasses state-of-the-art methods
in the multimodal intent recognition task.

Related Works
Multimodal Fusion Methods

Multimodal fusion refers to the integration of information
from multiple distinct modalities or data sources to enhance
the accuracy and robustness of computational systems.
Early multimodal fusion methods, such as the Tensor Fu-
sion Network (TFN) (Zadeh et al. 2017), demonstrated how
unimodal, bimodal, and trimodal data interact with each other.
More recent advancements in multimodal fusion methods
have been increasingly based on transformer architectures.
For instance, MulT (Multimodal Transformer) (Tsai et al.
2019) is specifically designed to handle unaligned multi-
modal language sequences by employing directional pair-
wise cross-modal attention mechanisms. MAG-BERT (Multi-
modal Adaptation Gate for BERT) extends the conventional
BERT architecture to incorporate multimodal data, includ-
ing visual and acoustic inputs, into the primarily text-based
model. DynMM (Xue and Marculescu 2023) conserves com-
putational resources for simpler tasks and more effectively



handles complex data inputs by utilizing a gating function
to make real-time decisions at the modality or fusion level.
This is supported by a resource-aware loss function that pro-
motes efficiency. Meta’s Al research team introduced Image-
Bind (Girdhar et al. 2023), a model designed for multimodal
learning that unifies information across different modalities
without the need for explicit alignment or matching. The
Deep Equilibrium (DEQ) model (Ni et al. 2024) endeavors to
dynamically capture and integrate interactions both between
and within modalities by applying nonlinear projections iter-
atively until an equilibrium state is reached.

Multimodal Intent Recognition

Multimodal intent recognition leverages information from
different sources (e.g., text (Zhang et al. 2021b, 2022b, 2019),
audio, and visual input) to make more accurate and reliable
predictions about user intent. Recent multimodal intent recog-
nition methods such as TCL-MAP (Zhou et al. 2024), consist
of two key components: Token-Level Contrastive Learning
(TCL) and Modality-Aware Prompting (MAP). The TCL
component leverages textual features to guide the learning
processes of other modalities, while the MAP module gener-
ates prompts that enrich text representations by incorporat-
ing insights from video and audio modalities. Additionally,
the Contextual Augmented Global Contrast (CAGC) tech-
nique (Sun et al. 2024) tackles the challenges of integrating
contextual information across multiple videos and aligning
modalities to improve intent recognition.

Multi-view Contrastive Learning

In recent years, multi-view contrastive learning has seen
significant breakthroughs. The Multi-level Cross-view Con-
trastive Learning for Knowledge-aware Recommender Sys-
tem (MCCLK) framework (Zou et al. 2022a) leverages both
local and global view contrastive learning to enhance recom-
mendation systems that utilize information from knowledge
graphs and user-item graphs. By applying multi-level cross-
view contrastive learning, this framework effectively captures
and exploits the collaborative and semantic relationships
within the data, thereby improving recommendation accuracy.
FACTORCL (Factorized Contrastive Learning) (Liang et al.
2023), which distinguishes and optimizes both shared and
unique information across modalities. This method involves
decomposing multimodal information into shared and unique
components, which are then optimized through tailored con-
trastive learning techniques. FACTORCL also incorporates
multimodal data augmentations that align with task relevance,
enabling the model to learn effectively without relying on
explicit labels. This method facilitates the extraction of richer
representations that are more pertinent to specific tasks.

Method
Framework Overview
The human brain primarily processes visual information in
the occipital lobe (Grill-Spector and Malach 2004), while
auditory information is managed by the temporal lobe (Kaas,

O’Brien, and Hackett 2012). These two sensory systems in-
teract through multisensory integration processes occurring
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in several brain regions, including the superior temporal sul-
cus and the parietal lobe (Stein and Meredith 1993). This
integration enhances perception and understanding by com-
bining information from different senses, thereby creating a
coherent and unified experience of the environment. Draw-
ing inspiration from these neural mechanisms, we propose
a novel Multi-View Contrastive Learning method based on
Dynamic Attention Fusion (MVCL-DAF). This method em-
ploys three independent modules to process aligned textual,
visual, and acoustic data, mirroring the brain’s capacity to
handle distinct modalities within specialized regions.

Our approach further integrates multimodal information
through alignment, dynamic attention allocation fusion, and
multi-view contrastive learning modules. This design facil-
itates a comprehensive, multidimensional understanding of
user intent within the model. The MVCL-DAF is composed
of two primary components: representation learning and con-
trastive learning. As illustrated in Figure 2, the representation
learning phase encompasses a sequence of steps, including
feature extraction, representation learning, modality fusion,
and intent recognition. Meanwhile, contrastive learning in-
volves feature extraction, the construction of anchor and
positive samples, and the clustering of intent labels.

Multi-modal Representation Learning

Feature Extraction In the intent recognition task, the text
modality provides the most crucial information for deter-
mining intent. To extract features from the text modality,
we use the pre-trained BERT (Devlin et al. 2018) language
model as a powerful backbone. For each utterance ¢ and
its corresponding intent label /, we concatenate them and
employ the BERT tokenizer to derive their token represen-
tations: Zieqt, [[CLS], z1, .. .1, [SEP]] €
RUt+u+2)  To prevent information leakage during the
representation learning process, we create a copy of
Z;cqt, and mask the label portion, resulting in Z¢cg,, =
[[CLS], z1,...,2,, [MASK],,...,[MASK], ,[SEP]] €

R“:+0+2) - Subsequently, both Zies, and Zye,y, are pro-
cessed through the BERT embedding layer to obtain their
respective high-dimensional representations:

.,Zlﬂll,..

Ficxt, = BERTEmbedding(Zicyy, ), 1)
Fiert,, = BERTEmbedding(Z;e,+,, ), 2)

where Z denotes the token list. The subscript m indicates that
the label has been masked, while 1 indicates that the label has
not been masked. F represents the high-dimensional vector
derived through the embedding process. Fy.¢, is used to con-
struct anchor samples in contrastive learning, while Fyeyy,, is
utilized for representation learning following its alignment
with other modalities. Fieyt,, and Fyopy, € RUHh+2)xde)
where d; is the embedding size.

The raw visual and acoustic data have been embedded in
the MIntRec (Zhang et al. 2022a) and MIntRec 2.0 (Zhang
et al. 2024) datasets. The processing methods for the raw
video and audio data are described in the Appendix. We di-
rectly use the embedded visual and acoustic high-dimensional
features provided by the dataset.



Fyideo = Embedding([f1, f2, .- -, f1,])s 3)
Faudio = Embedding(zaudio)7 (4)

where f; denotes the i frame, 1, is the number of frames.
The visual feature embedding, F ;... is constructed by con-
catenating all the individual frame features f;. Similarly,
Fudi0 corresponds to the audio features, with Z,,,4;, repre-
senting the audio sequence. F o, 450 € Rl**% where I, is the
sequence length and d, is the audio feature dimension.

Before further processing the information from the three
modalities, we first employ the CTC module (Graves et al.
2006) to align the high-dimensional vectors of the three
modalities:

{Tm7 Va A} = CTC({Ftea:tm 5 Fvideoa Faudio})» (5)

where T,,, V and A € RE*P denotes the standardized
features with length L and dimension D. T, represents the
high-dimensional vector of the text modality after alignment,
with the label part masked. V and A refer to the aligned high-
dimensional vectors for the visual and acoustic modalities,
respectively.

We employ three distinct and specialized modules to inde-
pendently process the textual, visual, and acoustic modalities.
The interactions among these modalities are operated within
the alignment module, the dynamic attention allocation mod-
ule, and the contrastive learning module. We use the powerful
pre-trained language model BERTEncoder to process textual
information with masked labels, and a Transformer encoder
(Vaswani et al. 2023) to process visual information. In ad-
dressing the acoustic modality, we enhance the traditional
Peephole LSTM (Gers and Schmidhuber 2000), enabling it
to function comparably to a bidirectional LSTM. This ad-
vanced bidirectional Peephole LSTM module is dedicated to
the processing of acoustic data:

My,,, = BERTEncoder(T,,), (6)
M, = BERTEncoder(T;), @)
M, = TransformerEncoder(V), 8)
M,, = BiPeepholeLSTM(A), 9)

where My,,,, My;, M,,, and M, represent the encoded text,
visual, and acoustic features, respectively. My,,, represents
the text modality where the labels have been masked, while
My, represents the text modality where the labels remain
unmasked. My,,, My, M, and M, € REXP. M,,,,, M,
and M, are ultimately fed into the DAF module for dy-
namic attention allocation, resulting in the logits scores for
classification and the multimodal intent prediction labels for
multi-view contrastive learning.

Dynamic Attention Allocation Fusion

Dynamic Attention Allocation Fusion (DAF) possesses an
adaptive network structure that dynamically allocates atten-
tion both within and across modalities based on the specific
characteristics of input samples. In multimodal intent recog-
nition tasks, the text modality typically contains the most
crucial information (Zhang et al. 2021a), hence we retain the
complete text modality during the fusion process. For the
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visual and acoustic modalities, dynamic attention allocation
is applied. As illustrated in Figure 2, the aligned acoustic
and visual feature vectors are concatenated with the text
feature vectors, creating new high-dimensional feature repre-
sentations for text-acoustic and text-visual pairs. These new
representations are then fed into a dynamic neural network.
The dynamic neural network module has a dynamic depth
structure. Specifically, the depth of the network is determined
by the characteristics of the input data, rather than being fixed.
The dynamic neural network consists of multiple fully con-
nected layers and corresponding gating mechanisms. During
initialization, the neural network receives three parameters:
input dimension, output dimension, and maximum depth.
The network generates multiple linear layers based on the
maximum depth. Additionally, the network generates a corre-
sponding gating network for each layer to decide whether to
proceed to the next layer. In the forward propagation, after
the tensor passes through the linear layer of the current depth,
it goes through a ReL.U activation function. Subsequently,
the gating value for the current layer is computed using a
sigmoid function. If the gating value exceeds a predefined
threshold, the network recursively calls itself to proceed to
the next layer; otherwise, it returns the current output.

The final layer of the dynamic neural network uses the
PReLU (He et al. 2015) activation function to enable more
flexible expression of the network. The attention weight matri-
ces produced by this module are then element-wise multiplied
with the transformed visual and acoustic tensors, assigning
greater attention weights to significant information within the
visual and acoustic modalities.

W, = PReLU(MLPgy,(My, Mgm)), (10)
W, = PReLU(MLPgyn (Mo, M), (11
F, = MLP,csnape(My), (12)

F, = MLPreshape(Ma), (13)
F,,=F,0oW,, (14)
Fuo.=F,0oW,, (15)

W, and W, are intra-modal attention matrices for the
visual and acoustic modalities, respectively, used to assign
greater weights to important information within each modal-
ity. F, and F, are the reshaped high-dimensional vectors
for the visual and acoustic modalities. The symbol o denotes
element-wise multiplication. F,, , and F,, , represent the
element-wise weighted visual and acoustic features.

As shown in Figure 2, F,, ,, and F, , are fed into a BiL-
STM and MLP;cghape to compute the overall modality atten-
tion scores for the acoustic and visual modalities. The initially
computed values of o, and o, are further normalized using
L1-normalization, ensuring their sum equals 1.

a, = Sigmoid (MLP ghape (BILSTM(Fy v ))),  (16)
(g = Sigmoid (MLP,eqape (BILSTM(Fy, ), (17)
g +ay =1, (18)

My =y Foyo, (19)

My .o = aa Fua, (20)



Methods MintRec MintRec 2.0

ACC (%) WF1 (%) WP (%) R (%) ACC (%) WF1 (%) WP (%) R (%)
MulT 72.52 71.80 72.60 67.44 56.95 54.26 54.49 40.65
MAG-BERT 72.16 71.30 72.03 67.61 55.87 52.58 53.71 39.93
TCL-MAP 73.69 73.38 73.90 71.59 56.99 54.33 55.07 41.87
MVCL-DAF 74.72 74.61 75.07 71.94 57.80 55.05 55.82 42.03
A 1.0371 1.231 1.171 0.351 0.8171 0.721 0.751 0.161

Table 1: Multimodal intent recognition results on the MIntRec and MIntRec 2.0 datasets. We repeated the experiment 10
times with random seeds from 0 to 9. A represents the difference between the average results of our method and the highest
corresponding metric value among the baselines. The best performance for each metric is highlighted in bold.

The final output of the fusion module is the sum of the
dynamically attention-weighted visual and acoustic features
and the complete text modality features.

Mfusion = Mim + My + My . 2D

Multi-view Contrastive Learning

In the multi-view contrastive learning component, we use
InfoNCE (van den Oord, Li, and Vinyals 2019) as the loss
function. The primary idea behind InfoNCE is to maximize
the similarity between an anchor and a positive sample (typ-
ically an augmented version of the anchor or a related in-
stance) while minimizing the similarity between the anchor
and multiple negative samples (unrelated instances).

exp(sim(z;,z;)/T)

)
S5 g exp(sim(z;, z;)/7)

The InfoNCE loss function encourages the model to dif-
ferentiate between positive and negative samples. In the for-
mula, z; represents the feature representation of the anchor
sample, while zj denotes the representation of the positive
sample that is semantically related to the anchor. The simi-
larity between these two representations is measured using a
similarity function, sim(-, -), commonly implemented as co-
sine similarity. The temperature parameter 7 is introduced to
control the scale of the similarities, affecting the smoothness
of the distribution.

The loss function’s numerator, exp(sim(z;, z; )/7), mea-
sures the similarity between the anchor and the posi-
tive sample, aiming to maximize it. The denominator,
Z;io exp(sim(z;,z;)/7), aggregates the similarities be-
tween the anchor and all samples in the batch, including
both positive and negative samples.

We extract the tensors representing the predicted labels
from the corresponding positions in My, Myy,, M., M,,
and M fysi0n, denoted as z;, 2, £, 24, and Z¢, respectively,
to construct the contrastive learning loss. Z;, 2, 24, and
Zy represent the predictions of the label from the textual,
visual acoustic, and multimodal fusion view, respectively.
In contrast, z; denotes the encoded representation of the
true label. The final loss function of multi-view contrastive
learning can be expressed as:

(22)

Lintonce = — log

Etext = ﬁ]nfONCE(Zh/Z\t)v (23)
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Evisual - ﬁlnfoNCE (Zl; /z\v)v (24)
Lacoustic = EInfoNCE(Zly/Z\a% (25)
Lsusion = LinfoNce(21,2y), (26)
1
Emulti,view = Z(‘Ctext + ACvisual + Eacoustic + £fusion); (27)
Etotal = Emulti,view + ﬁcross,entropy- (28)

Experiments
Datasets

We validate our proposed framework on two challenging
datasets dedicated to intent recognition.

MIntRec MlIntRec (Zhang et al. 2022a) dataset contains
2,224 high-quality samples and 20 intent labels. The samples
cover text, visual, and acoustic modalities.

MlIntRec2.0 MintRec2.0 (Zhang et al. 2024) represents a
large-scale benchmark dataset designed for multimodal intent
recognition. This dataset encompasses 1,245 high-quality dia-
logues, aggregating a total of 15,040 samples that incorporate
text, video, and audio modalities.

A distinguishing characteristic of the MIntRec 2.0 dataset
is its fine-grained intent classification, featuring a robust
categorization system with 30 distinct intent categories. Fur-
thermore, the dataset is specifically engineered to include
“out-of-range” samples that naturally arise in conversational
exchanges, thereby providing a more rigorous testing sce-
nario for evaluating model performance.

Baselines

In our experiments, we employ the following state-of-the-art
method as baselines: (1) MulT (Tsai et al. 2019) is specifi-
cally designed for handling unaligned multimodal language
sequences; (2) MAG-BERT (Rahman et al. 2020) leverages
an attachment called the Multimodal Adaptation Gate (MAG)
that seamlessly integrates with the pre-existing architecture
of BERT without altering its fundamental structure; (3) TCL-
MAP (Zhou et al. 2024) framework is specifically designed
to enhance text modality representations by leveraging aux-
iliary video and audio modalities through a modality-aware
prompting module (MAP), which aligns and fuses features
across modalities using similarity-based modality alignment
and cross-modality attention mechanisms. A more detailed
description of the baselines can be found in the appendix.



MintRec 2.0

Visual Acoustic Text Fusion | ACC (%) WF1 (%) WP (%) R (%) | ACC (%) WFI1 (%) WP (%) R (%)

Views MiIntRec
v X X X 18.00 16.95
X v X X 25.39 22.80
X X v X 72.13 71.80
X X X v 74.45 74.39
v v v v 74.72 74.61

16.85 12.68 36.96 20.18 14.64 3.26
23.47 18.15 37.06 20.04 13.73 3.23
72.50  68.80 56.73 53.59 54.89  40.30
7520  72.96 57.64 54.88 56.13  41.53
75.07 7194 57.80 55.05 55.82 42.03

Table 2: The results of ablation experiment for the MVCL-DAF method on MIntRec and MIntRec 2.0. This table shows the
outcomes of the multi-view contrastive learning method when trained and inferred using each individual view, as well as the
results obtained from training and inference using all views. The best performance for each metric is highlighted in bold.

Results

The experimental results are shown in Table 1, where we high-
light the best value for each metric in bold. Delta represents
the difference between the results of our method and the high-
est value of the corresponding evaluation metric among the
baselines. Our method outperformed state-of-the-art meth-
ods across all metrics. On the MIntRec dataset, our method
achieved ACC, WF1, WP, and R scores of 74.72%, 74.61%,
75.07%, and 71.94%, respectively, surpassing the state-of-
the-art baseline by 1.03%, 1.23%, 1.17%, and 0.35%, respec-
tively. On the MIntRec 2.0 dataset, even with an Unknown
label accounting for as much as 38.28% of the samples, our
method achieved significant improvements, reaching an ACC
of 57.80%, WF1 of 55.05%, WP of 55.82%, and R of 42.03%.
These results surpass the best baseline performance by 0.81%,
0.72%, 0.75%, and 0.16%, respectively. This observation
strongly supports the effectiveness of the DAF module and
the multi-view contrastive learning approach in the domain
of multimodal intent recognition.

Model Analysis

We did a number of ablation experiments to learn more about
how the multi-view contrastive learning and DAF module af-
fected the overall performance. Also, since both the MIntRec
and MIntRec 2.0 datasets are meant to recognize intent and
have some intent labels that overlap, we also conducted an
experiment to validate the model’s generalization capability.

Effectiveness of Dynamic Attention Allocation

Both MAG-BERT and TCL-MAP use MAG (Multimodal
Adaptation Gate) as the multimodal fusion method, making
the MAG module a suitable baseline for comparison. In our
approach, we replaced the fusion module with MAG and
conducted 10 experiments on the MIntRec and MIntRec 2.0
dataset using random seeds from O to 9. As shown in Figure
3, On the MIntRec dataset, the DAF module improved the
model’s performance by 0.88%, 1.00%, 1.13%, and 0.52%
in ACC, WF1, WP, and R, respectively. On the MIntRec 2.0
dataset, the corresponding improvements were 0.48%, 0.60%,
0.65%, and 0.40%.

Figure 4 illustrates the distribution of attention scores for
the visual and acoustic modalities across the two datasets. On
the MIntRec dataset, the acoustic modality received higher
attention scores, while the visual modality received less focus.
However, within each modality, there is significant variation

Method-Dataset

B MAG-MintRec DAF-MIntRec mmm MAG-MintRec 2.0 mEE DAF-MintRec 2.0
> AV S AN
80- ) & & 32 )
7> A7 70 w9

A

ACC WF1 WP R
Metric

Figure 3: Performance of the multi-view contrastive learning
method using the DAF fusion module compared to the MAG
fusion module on the MIntRec and MIntRec 2.0 datasets.

in attention distribution among samples. In contrast, on the
MintRec 2.0 dataset, the attention scores for the visual and
acoustic modalities are much closer, with less variation be-
tween samples. This suggests that the DAF module is capable
of not only broadly adjusting attention scores across samples
and modalities but also fine-tuning the attention distribution
within each modality.

Effectiveness of Multi-view Contrastive Learning We
analyzed the impact of multi-view contrastive learning on
model performance from two perspectives. First, we exam-
ined the effects of distributed versus centralized multimodal
processing within our proposed method. Following this, we
analyzed the impact of each modality and perspective on
model performance.

Distributed Processing vs. Centralized Processing In our
proposed method, the data from the three modalities are
first aligned and then processed by their respective modality-
specific encoders. Multimodal fusion occurs after each modal-
ity’s information has been processed by its corresponding
encoder. This is a distributed processing approach. In contrast,
an alternative approach is to align and fuse the multimodal
data first, and then process the fused data using a single
centralized encoder. In our experiments, we used the bert-
large-uncased model as the centralized encoder after fusion.
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Training: MIntRec Testing: MIntRec 2.0

Training: MIntRec 2.0 Testing: MIntRec

Methods ‘ ACC (%)  WF1 (%) WP (%) R (%) ‘ ACC (%)  WF1 (%) WP (%) R (%)
MulT 61.86 61.25 63.66 59.58 70.22 69.45 72.78 69.92
MAG-BERT 62.19 61.42 63.00 59.73 71.06 69.77 71.81 68.63
TCL-MAP 61.97 61.74 63.52 59.96 70.25 68.64 70.52 68.22
MVCL-DAF | 61.95 61.89 63.68 60.65 | 71.68 70.81 73.49 70.81

Table 3: The result of model generalization testing. The best result for each metric is highlighted in bold.

Our experimental results indicate that using a centralized en-
coder led to a performance decline. Specifically, ACC, WF1,
WP, and R decreased by 0.72%, 0.39%, 0.78%, and 0.48%,
respectively. These results demonstrate that distributed pro-
cessing, which more closely mimics the way the human brain
processes multimodal information, significantly improves
model performance within our multi-view contrastive learn-
ing framework.

Impact of Views In our proposed method, we provide the
model with four views: text, visual, acoustic, and a fusion
perspective that combines the first three modalities. To an-
alyze the contribution of each perspective to the model’s
performance, we conducted a series of single-perspective
model training experiments and evaluated the models on
the MIntRec and MIntRec 2.0 datasets. In this series of
experiments, we only used the encoded high-dimensional
vectors of the text modality and its corresponding labels to
construct the anchor samples for contrastive learning. These
high-dimensional vectors serve as a guide for learning from
the other modalities. During model training and inference,
positive samples for contrastive learning were constructed us-
ing data from a single perspective. Similarly, only the single
perspective was used for representation learning. The experi-
mental results, as shown in Tabel 2, indicate that the model
struggles to accurately determine intent from the acoustic
or visual perspectives alone. In contrast, the text perspective
alone or the fused multimodal perspective provides more
reliable intent predictions. Moreover, the performance of the
model relying solely on the fusion view is already very close
to that of the multi-view contrastive learning model, even sur-
passing the latter in some metrics. This clearly demonstrates
the effectiveness of the dynamic attention allocation module.

Model Generalization Testing MIntRec is constructed
using data collected from the TV series “Superstore.” In con-
trast, MIntRec 2.0 incorporates data from three popular TV
series: “Superstore,” “The Big Bang Theory,” and “Friends.”
This suggests that while the two datasets share some distri-
butional similarities, they also exhibit noticeable differences.
The label set of the MIntRec dataset is a subset of the label
set in MIntRec 2.0. To align the label sets of the two datasets,
we filtered the samples in MIntRec 2.0 to include only those
with labels present in the MIntRec label set.

We designed two experimental scenarios to test generaliza-
tion. In the first scenario, MIntRec was used as the training
and validation dataset, with MIntRec 2.0 serving as the test
dataset. In the second scenario, the roles of the two datasets
were swapped. In each scenario, we trained and evaluated our
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Figure 4: Distribution of attention scores for the visual
and acoustic modalities on the MIntRec and MIntRec 2.0
datasets.

proposed method and all baseline models using random seeds
0 to 4. The results, shown in Table 3, demonstrate that our
proposed method exhibits strong generalization capabilities.
When trained on the more complex dataset and tested on
the relatively simpler dataset, MVCL-DAF shows significant
advantages across all evaluation metrics.

Conclusion

To address the issue of significant variation in the density of
important information across different modalities and sam-
ples, we proposed a Dynamic Attention Allocation Fusion
(DAF) method. This method utilizes an adaptive network
structure to dynamically compute attention matrices and at-
tention scores based on the input samples. The attention ma-
trices assign higher weights to important information within
each modality, while the attention scores dynamically ad-
just the overall weight distribution among the modalities.
Building on this, we further introduced a multi-view con-
trastive learning method for intent recognition. Our method
outperformed existing state-of-the-art models on the bench-
mark datasets MIntRec and MIntRec 2.0. Additionally, our
ablation experiments confirmed that the text modality pro-
vides the primary basis for intent recognition. The fusion of
multiple modalities and the application of multi-view con-
trastive learning effectively uncover important information
from other modalities, leading to further improvements in
model performance. Generalization experiments further re-
vealed that models trained using the MVCL-DAF method
exhibit excellent generalization capabilities, underscoring
the robustness and effectiveness of our approach in diverse
scenarios.
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