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Abstract

Currently, uncertain missing modalities pose new challenges to multimodal intent recog-
nition. To tackle this issue, this work proposes an Attention Bidirectional Gated Fusion
Based Multimodal Intent Recognition model under Uncertain Missing Modalities (named
ABGFMIR). Firstly, ABGFMIR extracts the features of each modality (text, audio, visual)
with the LSTM network, respectively. Secondly, ABGFMIR narrows the distances between
audio, visual and text modality based on Central Moment Discrepancy (CMD), and then
performs multimodal feature fusion through an attention bidirectional gated fusion method.
Then, corresponding attention level prompts are generated based on the uncertain missing
modalities situations of the current sample. The fused multimodal features are then input
into the Transformer encoder and decoder, and the prompts are injected into the keys
and values of the multihead self-attention layer to guide the Transformer to focus on the
missing modes and dynamically adjust the attention distribution, enhancing the robustness
of ABGFMIR to different missing modes. Finally, the features produced by the Transformer
are fed into the classification layer for intent recognition. Simultaneously, the pre-trained
model (AGNN) that trained with the complete modality is employed in the classification
layer to guide the main module of ABGFMIR. Two public benchmark datasets (MIntRec
and EMOTyDA) are adopted for performance verification. Compared with the other five
baseline models, on the MIntRec dataset, ABGFMIR improved accuracy by an average of
2.68 and improved F1 values by an average of 3.24. On the EMOTyDA dataset, ABGFMIR
improved accuracy by an average of 2.28 and improved F1 values by an average of 3.44.

Keywords: multimodal intent recognition; uncertain missing modalities; transformer;
LSTM; multimodal feature fusion

1. Introduction
Intent recognition is an important technology that is dedicated to determining users’

intents through learning user-related data. Intent recognition techniques can enable sys-
tems to understand user’s needs; thus providing services timely and accurately [1], which
has important application in multiple fields, such as dialogue systems, chatbots, intelligent
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customer assistants, and so on. Initially, some research has been conducted on intent recog-
nition only based on text data, and has obtained some wonderful results [2–4]. Recently,
with the emergence of multimodal data (including text, audio and visual) and their advan-
tage of information complementarity, multimodal intent recognition (MIR) has become an
increasingly hot topic and has attracted considerable attention [5].

Multimodal intent recognition aims to identify users’ intents accurately through
learning the multimodal data simultaneously [6]. In the past few years, some effective
methods for MIR have been proposed, such as multimodal intent recognition with saliency
and text-guided fusion [7], multimodal intent recognition based on mamba-evidence-
driven triplet contrastive learning [8], and multimodal intent recognition based on text-
guided frequency-decoupled modeling [9]. Moreover, ref. [10] developed a modal mapping
coupling and gate-driven contrastive learning approach for multimodal intent recognition.
Sun et al. [11] proposed a context-augmented global contrast (CAGC) method to capture
rich global context features by mining both intra-and cross-video context interactions
for MIR.

However, existing research on MIR always assumes that the three modalities (text,
audio, visual) are available all the time. In actuality, in real-world environments, it is not
possible to obtain the three modalities all the time, due to some uncontrollable reasons.
Therefore, uncertain missing modalities frequently occur in MIR, which may include
situations where no modality is missing, any one modality is missing, or any two modalities
are missing. For example, as shown in Figure 1, when the camera is broken, the visual
modality will be missing. Moreover, speech and text will be missing due to privacy
protection policies or the recording device being broken.

Figure 1. An example of missing modalities.

For MIR under uncertain missing modalities, models trained with the full modali-
ties will become invalid. Therefore, determining how to realize MIR uncertain missing
modalities becomes a new challenge. However, to the best of our knowledge, currently
few research works have considered MIR under uncertain missing modalities. Although
some models have been proposed for multimodal sentiment analysis under uncertain miss-
ing modalities [12–15], these models cannot be directly applied for MIR under uncertain
missing modalities. In all, there are some critical challenges to be addressed for MIR under
uncertain missing modalities, which are presented as follows:

• How can we enhance the quality of multimodal fusion for MIR under uncertain
missing modalities? Currently, some research work has demonstrated that the text
modality plays a major role in MIR. However, existing works for MIR treat all the three
modalities equally in fusion, and cannot deeply interact with multimodal features in
the fusion, thus affecting the quality of multimodal fusion.
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• How can we overcome the semantic inconsistency caused by uncertain missing
modalities for MIR? Uncertain missing modalities cause the semantics of multimodal
samples to be inconsistent with the semantics of complete modalities. Existing models
trained with full modalities cannot overcome the semantic inconsistency. Therefore,
determining how to handle the problem of semantic inconsistency caused by uncertain
missing modalities becomes a challenge for MIR.

• How can we handle the uncertain missing modalities for MIR? Existing works on
MIR usually assume that all the modalities are available all the time, failed to consider
the uncertain missing modalities. Therefore, determining how to effectively handle
the uncertain missing modalities for MIR becomes a new challenge.

To address the above issues, this work proposes an Attention Bidirectional Gated
Fusion Based Multimodal Intent Recognition under Uncertain Missing Modalities (named
ABGFMIR). ABGFMIR first extracts features of each modality with LSTM. Then, the ex-
tracted features are fused with the attention-based bidirectional gated features fusion
module, where the distance constraint strategy based on CMD is used to bring each
modality closer to the text modality. Next, the fused multimodal features are fed into the
Transformer for learning. Meanwhile, different attention level prompts are input according
to the uncertain modal absence, thus directing the network to pay attention to those missing
modalities. Finally, the output of the Transformer is used for final intent recognition. At
the same time, the pre-trained model trained with the full modalities is used to guide the
model at the classification layer during the training process, thus helping the model to
avoid overfitting and improve its generalization ability. The main contributions of this
work are summarized as follows:

• To enhance the quality of multimodal fusion, we propose an attention-based bidirec-
tional gated multimodal feature fusion module. Moreover, inspired by the fact that
text modality plays a dominant role in MIR, we propose to reduce the distance from
other modalities to the text modality to improve the quality of multimodal fusion.

• To address the problem of semantic inconsistency caused by uncertain missing
modalities, we propose learnable Transformer prompts to mitigate the performance
degradation caused by missing modalities. In this work, different types of attention
level prompts are input according to different scenarios of missing modalities, thus
enabling the model toward the target domain through training with fewer parameters,
guiding the model to focus on the missing modalities.

• To better cope with uncertain missing modalities, we introduce a pre-trained model
(Attention-based Bidirectional Gated Neural Network, AGNN) that is trained with
complete modalities and is used to provide effective guidance for the final classifica-
tion in scenarios of uncertain missing modalities, thereby improving the robustness
of ABGFMIR.

Our work is organized as follows: Section 2 reviews related works. Section 3 introduces
our proposed model. Section 4 presents experimental results and analysis. Section 5
summarizes our work.

2. Related Work
Intent recognition based on text modal data is a crucial task in spoken language

understanding [16]. Considering the close correlation between intent recognition and slot
filling, most works adopt a federated model to exploit shared knowledge across tasks.
Qin et al. [17] proposed a collaborative interactive transformer model to model two-way
connections that simultaneously perform the two tasks of intent recognition and slot
filling in a unified framework. Wu et al. [18] proposed a new nonautoregressive model
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SlotRefine for joint intent detection and slot filling. In real-life scenarios, users often have
multiple intents in the same utterance. To address this problem, Qin et al. [19] proposed
an adaptive graph interaction framework for multi-intent detection, introducing an intent-
slot graph interaction layer that can accurately extract relevant intent information and
simulate the strong association between slots and intents. Significant advances in intent
recognition rely on large amounts of labeled training data, which cannot work in low-
resource environments, so several works have studied intent recognition in low-resource
situations. In terms of few-shot learning, Hou et al. [20] explored the few-shot multilabel
problem in intent recognition and proposed a meta-calibration threshold mechanism with
kernel regression and logic adaptation, which uses previous domain experience, and new
domain knowledge is used to estimate the threshold. In terms of zero-shot learning,
Wu et al. [21] proposed a label-aware BERT attention network (LABAN) based on BERT for
zero-shot multi-intent recognition.

In terms of computer vision, Jia et al. [22] proposed an object/context localization
loss that focuses the model on key areas of the image to identify the intent behind so-
cial media images. Joo et al. [23] proposed a hierarchical model based on the syntactic
attribute layer to identify communicative intents in politicians’ photos. Fang et al. [24]
identified pedestrians’ and cyclists’ lane-changing intents based on their arm movements
in images. Yang et al. [25] effectively solved the problem of identifying pedestrians’ in-
tent to cross the road in an urban environment by introducing a search target module,
an action recognition module, and a distance encoding module. Xu et al. [26] proposed
the IHOI framework model, which uses visual information to identify human intent in
human–computer interaction.

In terms of multimodal intent recognition, Zhang et al. [27] showed, through a large
number of experiments, that compared with pure text modality, the performance of the
model using multimodality was significantly improved, proving the effectiveness of using
multimodal information for intent recognition. Maharana et al. [28] proposed a multimodal
cross-attention model that combines video modality and text modality for intent recognition.
In terms of social network intent recognition, Kruk et al. [29] combined text and pictures
to identify the intent of people posting on Instagram, but modal fusion is just a simple
projection addition, without considering the differences and complementarity between
different modalities. Kiela et al. [30] studied hateful intent in social network posts by adding
text to images to construct benign confounders, and found that state-of-the-art methods
performed poorly compared to humans. Liu et al. [31] used a multihead cross-attention
mechanism and a graph neural network to establish a hierarchical framework to identify the
satirical intent of social network posts from the perspective of multigranularity alignment.

Aiming at the problem of identifying the intent of self-media advertising on social
networks, Zhang et al. [32] proposed a new supervised neural autoregressive model, which
can effectively learn hidden features and extract features through a graph convolution
network to improve the recognition accuracy. Huang et al. [12] proposed an effective
multimodal representation and fusion method for intent recognition for complex real-world
multimodal scenes. By combining text, audio and visual features, using modality-specific
and shared encoders, and an adaptive multimodal fusion method, the method outperforms
state-of-the-art methods.

3. Methodology
To solve the problem of multimodal intent recognition (MIR) under uncertain missing

modalities, this work proposes an Attention Bidirectional Gated Fusion Based Multimodal
Intent Recognition model considering Uncertain Missing Modalities (named as ABGFMIR).
In this section, we first introduce the definition of the problem studied in this work.
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Then, we describe the workflow of ABGFMIR. Finally, the key modules of ABGFMIR are
presented in detail.

3.1. Problem Statement

Given multimodal data D = {xt, xa, xv} including three modalities, where xt, xa and
xv denote the text, audio, and visual modality, in this work, we use xl

m to represent the
uncertain missing modality, where m ∈ v, a, t. For example, when the audio modality is
missing, the multimodal data can be presented as

[
xt, xl

a, xv

]
. In our study, we investigate

how to perform MIR under uncertain missing modalities (that is, conducting intention
recognition based on data D =

{
xt, xa, xl

m

}
), where uncertain missing modalities mean

that the number and types of missing modalities are uncertain.

3.2. Model Overview

The structure of our proposed model ABGFMIR is illustrated in Figure 2, which
consists of two modules, which are the pre-trained AGNN model (Attention-based Bidirec-
tional Gated Neural Network) that is trained with the full modalities, and the main AGNN
model that will be trained with uncertain missing modalities. In this work, to better cope
with uncertain missing modalities, the pre-trained AGNN can transfer the learned knowl-
edge to the classification layer, providing effective guidance for the final classification in
scenarios of missing modalities, thereby improving the robustness of ABGFMIR in different
modalities missing scenarios. In the following sections, we will introduce ABGFMIR with
the hypothesis that the audio modality is missing.

Figure 2. Structure of the ABGFMIR model.

The workflow of ABGFMIR can be described as follows. Firstly, the multimodal
data

[
xt, xl

a, xv

]
with uncertain missing modalities is input into the pre-trained AGNN

model, and obtains the embedding
[

xt, xl
a, xv

]
produced by the pre-trained AGNN model.

The structure of the pre-trained AGNN model is the same as the main AGNN model.
Meanwhile, the multimodal data

[
xt, xl

a, xv

]
with uncertain missing modality is also input

into the main AGNN model. In this model, the data of each modality is input into an LSTM
network to extract features of each modality. Then, features of each modality are fused
in the fusion module to obtain the joint features of the three modalities. Then, similarity
learning is performed to narrow the distance between the audio, video and the text. Next,
the Transformer encoder module learns the joint feature representation and adds different
modal missing prompt blocks before the original key K and value V of the Transformer
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according to the missing modality scenarios. Finally, the output of the Transformer is used
to classify the intent with the classifier. At the same time, the output of the pre-trained
model is used to perform supervised learning on the entire model at the classification layer,
thereby improving the generalization ability of ABGFMIR. In the following sections, we
will introduce the main modules of ABGFMIR.

3.3. Extracting Features of Each Modality with LSTM

In actuality, the three modalities (text, audio, visual) used for intent recognition are
temporal data. Moreover, LSTM is suitable for processing time-series data, and can capture
the temporal information in text, audio and visual. In this work, we adopt LSTM to extract
the features of each modality. Specifically, the audio modality and visual modality are
processed by LSTM; thus, we obtain features Ea and Ev from the original data xa and
xv. The text modality is also encoded with LSTM, and we obtain the discourse level text
features Et from the original data xt. The process of features extraction for each modality is
described using Equation (1):

Em = LSTM
(

xm, θlstm
m

)
(1)

where xm(m ∈ t, v, a) denotes each modality, and θlstm
m (m ∈ t, v, a) denotes the parameters

of the LSTM model.

3.4. Attention-Based Bidirectional Gated Fusion

ABGFMIR performs multimodal feature fusion after extracting features of each modal-
ity, and the fusion of multimodal features can provide more information for MIR; thus, it
can improve the accuracy of intention recognition. However, existing works regard the
three modalities as equal when fusing multimodal features, and cannot interact the three
modalities deeply. To solve this problem, we propose a multimodal feature fusion module
based on the attention-based bidirectional gated neural network to achieve deep fusion of
the three modalities. The structure of this module is shown in Figure 3, which consists of
self-attention, similarity learning, cross-modal attention and gated bidirectional fusion.

Figure 3. Multimodal feature fusion module.

In the multimodal feature fusion module, the self-attention mechanism is first executed
on the features of each modality. The self-attention mechanism can compute the global
information of the input sequence without being limited to local regions. Moreover, the self-
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attention mechanism is used separately for each modality, and this can avoid information
confusion. The above calculation can be described as Equation (2):

Hm = Sel f Attention(Em) = so f tmax

(
QK⊤
√

dk

)
V (2)

where Em means features of each modality, m ∈ t, v, a. Q = WQEm, K = WKEm, and
V = WV Em denote the Query, Key, and Value matrices, respectively. WQ, WK and WV

represent the parameters that will be learned during the training process.
√

dk is the
dimension of the key matrix.

To enhance the robustness of the joint multimodal features, in this work, we propose a
method for inter-modal feature similarity learning, aiming to mitigate the modal differences
during the prediction of missing modalities. As text modality plays a major role in multi-
modal intent recognition [7,9], we propose similarity learning for text–audio and text–video.
The quality of multimodal feature fusion is improved by minimizing the similarity loss to
make the video modality and audio modality more close to the text modality.

In this work, we use the Central Moment Discrepancy (CMD) distance as the similarity
loss. The CMD distance evaluates the dissimilarity between two distributions by comparing
the distance of difference between their central moments. Let X and Y be random samples
with probability distributions p and q on the interval [a, b]. The CMD distance metric can
be calculated using Equation (3):

CMDK(X, Y) =
1

|b − a| ∥ E(x)− E(Y) ∥2 +
k

∑
k=2

1

|b − a|k
∥ Ck(X)− Ck(Y) ∥2 (3)

where E(x) = (1/|X|)∑x∈X x is the empirical expectation vector of the sample x, and
Ck(x) = E

(
(x − E(x))k

)
is a vector of all kth-order sample central moments of the x-

coordinate as shown in Equation (4).

Lsim =
1
2 ∑

(h1,h2)∈(t,a),(t,v)
CMDK(h1, h2) (4)

where h1, h2 are features calculated with self-attention, (h1, h2) ∈ (t, a), (t, v).
Next, cross-modal attention is used to learn correlation features between different

modalities. The main difference between cross-modal attention and self-attention is the
different orders of inputs for cross-attention. Considering that the audio modality and
video modality are not as important as the text modality, cross-modal features of audio-to-
video and video-to-audio are not computed. In this work, cross-modal attention is used to
learn the text-to-vision related features, vision-to-text related features, text-to-audio related
features, and audio-to-text related features, which can be calculated using Equation (5).

Ch1→h2 = so f tmax

(
Qh2 K⊤

h1√
dk

)
Vh1 (5)

where (h1, h2) ∈ {(t, a), (t, v), (a, t), (v, t)}, Qh2 = WQ
h1→h2

h2, Kh1 = WK
h1→h2

h1, and Vh1 =

WV
h1→h2

h1. WQ
h1→h2

, WK
h1→h2

, and WV
h1→h2

denote the learnable projection parameters of the
respective cross-modal attention learning.

After that, audio-related features Cht→ha and Cha→ht are fused with the bidirectional
gate. Meanwhile, video-related features Chv→ht and Cht→hv are fused. Bidirectional gated
fusion (as shown in Figure 4) has an advantage in processing temporal data, especially for
tasks that require consideration of contextual relationships. The use of this mechanism can
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improve the expressive power of the model and capture the key information in the sequence
data more effectively. The final features of the audio and video modalities are obtained
using bidirectional gated fusion, which can be described using Equations (6) and (7):

Ht
a = GU

ca ,ct ⊗ Ca→t + Ct→a (6)

Ht
v = GU

cv ,ct ⊗ Cv→t + Ct→v (7)

where ⊗ refers to the tensor product, the GU gate function is used to control the information
flow, and Ht

a and Ht
v represent the audio features and video features computed by the

hidden layer. Taking the acquisition of audio feature Ht
a as an example, the gate function

operation is defined as Equation (8):

Gi,j
U = Sig(Conv(cat(i, j))) (8)

where cat denotes the splicing operation, Conv denotes the convolutional layer and Sig
denotes the Sigmoid function of the tensor. The gate function first splices the two input
parameters, followed by a convolution operation on the spliced result; finally, the final
output is obtained with the Sigmoid function.

Figure 4. Bidirectional gating.

Finally, we concatenate the feature vectors of all modalities to obtain a common
joint representation of the three modalities Hall, which can be calculated according to
Equation (9):

Hall =
[
Ht ∥ Ht

a ∥ Ht
v
]

(9)

where ∥ denotes the concatenation operation. The concatenated features are further
projected into a shared d-dimensional space through a linear projection layer, yielding
Hall ∈ Rl×d. Ht is the text feature extracted by self-attention described in Equation (2), Ht

a
is the result of gated fusion of audio features calculated with Equation (6), and Ht

v is the
result of gated fusion of video features calculated with Equation (7).

3.5. Modality Missing Prompt Based on Transformer

To handle the uncertain missing modalities in MIR, it is necessary to make ABGFMIR
aware of missing modalities during the training process. Inspired by the works [33,34],
we propose a modality missing prompt module-based Transformer. The main idea of this
module is to add different trainable vectors to the keys and values of the multihead self-
attention layer of each block in the Transformer according to missing modality situations,
so as to enhance the performance of the ABGFMIR model for handling missing modalities.

In the multihead self-attention layer, the original Key, Value and Query are computed
as K = Hall , V = Hall , Q = Hall , respectively. Hall ∈ Rl×d is the input sequence of the
training samples, l is the length, and d denotes the hidden dimension of Transformer.
To learn the specific information of different modal missing cases, there are 7 trainable
d-dimensional vectors as key and value supercues, denoted as Pm ∈ Rh×d, h is the length
of the sequence, d is the model dimensionality, and m is the case of missing modality,
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which denotes the complete modal inputs and the 6 different modal missing prompts,
respectively, which can be illustrated in Figure 5. The calculation process is described as
Equations (10) and (11):

K′ = Concat(Pm, Hall) (10)

V′ = Concat(Pm, Hall) (11)

where Concat(·) operates along the feature dimension, new V′(K′) ∈ R(h+l)×d is used to
compute the multihead self-attention. Next, K′, V′ and Q with missing modality prompts
on the splice are ready to be fed into the Transformer for computation with the multihead
attention mechanism, which is illustrated in Figure 5.

Figure 5. Modality missing prompts.

Next, the features obtained from the multimodal feature fusion module are input
into the Transformer module, and the modality missing prompts are injected into K and
V of the multihead self-attention layer according to the modality missing situations. The
computation process can be described using Equations (12)–(14):

Hn = MultiHead
(
Q, K′, V′) = MultiHead(Hall , [Hall ||Pm], [Hall ||Pm]) (12)

Hn = Layernorm(Hall + Hn) (13)

Hn = Relu
(

HnW1
e + b1

e

)
W2

e + b2
e (14)

where w1 and w2 are weight matrices, b1 and b2 are biases, and ReLU denotes the activation
function. Similarly, using the output Hn of the encoder as the input to the decoder, the
representation of the decoded output Hd can be expressed using Equations (15)–(17):

Hd = MultiHead(Hn, Hn, Hn) (15)

Hd = Layernorm(Hd + Hn) (16)

Hd = Relu
(

HdW1
d + b1

d

)
W2

d + b2
d (17)

where w1 and w2 are weight matrices, b1 and b2 are biases, and ReLU denotes the activa-
tion function.

https://doi.org/10.3390/info17080728
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3.6. Intent Recognition

To realize the intent recognition, the output feature Hd is fed into the classifier
to obtain the intent category. For the classifier, the classification loss is defined using
Equations (18) and (19):

ŷ = W1ReLU(W2Hd + b2) + b1 (18)

Lr = CrossEntropyLoss(ŷ, y) (19)

where CrossEntropyLoss denotes the loss function, W1 and W2 are the weight matrices, b1

and b2 are the biases, and ReLU denotes the activation function.

3.7. Generalization Learning Based on Pre-Trained Model

For handling the uncertain missing modalities, inspired by existing work [35], we
propose a supervised module for generalizability learning based on a pre-trained model.
The goal of this module is to allow the model to learn the generalization ability of a
pre-trained model which is trained with full modalities, and the results obtained will
be better than those of the model trained with data under uncertain missing modalities.
Specifically, ABGFMIR introduces the distance between the pre-trained model and the
main AGNN model through the pre-training loss in the classification layer. The output of
the pre-trained model contains more information compared to the labels, and passes the
semantic knowledge of the complete modality to the model when the uncertain modality
occurs, so, it can effectively improve the generalization ability of ABGFMIR. Moreover, the
pre-trained AGNN model and the main AGNN model are two independent models which
have the same structure and do not share parameters. The loss function for pre-training is
defined using Equation (20):

Ld = DKL
(
ŷpre/τ ∥ ŷ/τ

)
(20)

where DKL denotes the KL dispersion and τ denotes the temperature coefficient, which
measures the difference between two probability distributions. ŷpre is the output of the
pre-trained model and ŷ is the main AGNN model output.

3.8. Model Training

Our proposed model ABGFMIR consists of several computation parts, including intent
recognition, similarity learning, and pre-training guidance. To train ABGFMIR fully, each
computation part has a corresponding loss function. ABGFMIR model training requires
combining the loss functions of all the tasks to be trained together. The overall training loss
function is defined as Equation (21):

Ltotal = λ1Lr + λ2Lsim + λ3Lpre (21)

where λ1, λ2, λ3 are the corresponding weights, Lr is the classification loss, Lsim is the
similarity loss, and Lpre is the pre-training loss.

4. Experiments
To validate the performance of the ABGFMIR model, we conduct extensive experi-

ments based on two public datasets MIntRec [27] and EMOTyDA [36]. In this section, we
first introduce the two public benchmark datasets, then we introduce the experimental
environment and parameter settings. Next, we introduce the five baseline models. Fi-
nally, we analyze the results of comparison experiments, ablation experiments, and other
related experiments.

https://doi.org/10.3390/info17080728
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4.1. Benchmark Datasets

In this work, two public benchmark datasets, MIntRec [27] and EMOTyDA [36], are
adopted. Both datasets are multimodal datasets including visual, text and audio modalities.
For the MIntRec dataset, the original data in this dataset is derived from the TV series
Superstore. MIntRec is currently the first benchmark dataset for real-world multimodal
intent recognition and contains 2224 instances of text, video, and audio modalities. MIntRec
contains 2 coarse-grained classifications and 20 fine-grained intent classifications, and the
data is divided according to 3:1:1 into training, a validation and a test set. In contrast
to MIntRec, EMOTyDA is a large-scale dataset for conversation act classification, where
all data are labeled with 12 common conversation act labels. Due to the limitation of
computational resources, in this work, 2500 representative samples are selected as the
experiment dataset on the basis of EMOTyDA dataset, which is divided into training set,
validation set and test set with the ratio of 3:1:1. To ensure fairness, all the models used for
performance comparison are verified on these two benchmark datasets.

In this work, to generate uncertain missing modalities, we conduct random missing
operation for each modality of each sample in the training, validation, and testing sets. The
specific operation is to generate a binary mask matrix for each modality in advance, where 0
represents that the modality is missing and 1 represents that the modality is fully preserved.
These masks are sampled and output according to the preset missing probability, ensuring
that the overall missing rate accurately matches the set value. This work uniformly sets the
missing rates of the training set, validation set, and test set to 0%, 10%, 20%, 30%, 40%, and
50% to ensure the consistency and reproducibility of the experiment. To our knowledge,
research works typically use the above-mentioned methods to generate uncertain missing
multimodal data for performance verification.

4.2. Experimental Environment and Parameter Settings

All the experiments were conducted on a Linux server with operating system version
Ubuntu 18.04, Intel(R) Xeon(R) Platinum 8255C with 2.50 GHz CPU, one GeForce RTX 3090
GPU and 128 GB memory. The programming language is Python (version 3.8). The deep
learning architecture is PyTorch 1.11.0. The experiments use a CUDA-based driver for GPU
parallel computing and accelerated deep learning with Cuda version 11.3. A summary of
parameters is shown in Table 1.

Table 1. Detailed parameter settings in all experiments.

Hyperparameter Symbol Value

Batch size b 16
Epoch size e 100
Discard rate p 0.1
Hidden layer size d 256
Uncertainty modal missing rate η [0–50%]
Learning rate lr 0.0003
Maximum text length nt 30
Maximum audio length na 230
Maximum video length nv 480
Training weights λ1, λ2, λ3 0.8, 0.5, 0.5

4.3. Baseline Models

To validate the performance of our proposed model ABGFMIR, we selected five state-
of-the-art multimodal intent recognition models for comparison, which are introduced
as follows:
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Mult [37]: MulT uses an end-to-end approach to process unaligned multimodal data.
It extends the normal Transformer to a cross-modal Transformer through a bidirectional
cross-modal attention mechanism, which helps to capture interactions between different
modalities in the potential space.

MAG_Bert [38]: MAG_Bert model designs a multimodal adaptive gate MAG that
allows the BERT to accept multimodal nonverbal data during fine-tuning. The MAG can
generate positional shifts in semantic space to accommodate audio and visual information.
The MAG_Bert can be flexibly configured between the BERT layers to receive inputs from
nonverbal modalities.

MISA [39]: MISA is able to learn complementary information to minimize redundancy
and incorporate diverse information sets. MISA adopts a multitask learning framework,
which learns different modalities by projecting them into two spaces, the modality-invariant
subspace and the modality-specific subspace, and, thus, obtains multimodal representations
with both modality-invariant and modality-specific attributes. On the one hand, MISA
learns the features common to all modalities by using the shared subspace; on the other
hand, different subspaces are designed to capture the unique properties of each modality.
To this end, the training objective consists of four aspects: similarity loss, difference loss,
reconstruction loss and task-specific loss.

IF-MMIN [40]: The IF-MMIN approach addresses the challenges posed by differences
between modalities by learning invariant features and using them to predict and fill in
missing modal data, especially when modal data is incomplete or uncertain. In a large
number of experiments, the model performs well and outperforms the baseline approach,
significantly improving multimodal emotion recognition performance.

EMRFM [12]: EMRFM is an effective multimodal representation and fusion method
for intent recognition in real multimodal scenes. EMRFM constructs modal-shared and
modal-specific encoders to learn modal-shared and modal-specific feature representations,
and designs an adaptive multimodal feature fusion method based on attentional gated
neural networks to eliminate noisy features. Experiments show that the multimodal
representation of the EMRFM model learns the shared and specific features of modalities
well, and the multimodal feature fusion of the model realizes adaptive fusion, which
effectively reduces the possible noise interference.

4.4. Hyperparametric Sensitivity Analysis

To find the appropriate hyperparameters for our proposed model, we conduct the
hyperparameter sensitivity analysis experiments. In this experiment, F1 score is used as an
evaluation index; the multitask learning parameters of model training λ1, λ2, λ3 and the
temperature coefficient τ of the pre-training module are experimented upon. In the hyper-
parameter sensitivity analysis experiments, because there are too many hyperparameters,
we first analyze the hyperparameters of multitask learning λ1, λ2, λ3, and then analyze
the temperature coefficients of the pre-training module in the case of the fixed multitask
learning parameters λ1, λ2, λ3. coefficients τ.

For the multitask learning parameters λ1, λ2, λ3, we do not adjust the three hyperpa-
rameters of multitask learning. In contrast, this paper first randomly fixes two of the three
hyperparameters, then adjusts the remaining one, and finally finds the hyperparameter
with the best performance. The approach in this paper does not result in the best combina-
tion of parameters, but it can significantly reduce the hyperparameter optimization time.
The results of the parameter sensitivity experiments for the multitask learning parameters
λ1, λ2, λ3 are shown in Figure 6. The experimental results show that in the case of tempera-
ture coefficient randomly fixed to 7, when λ1 is 1 and λ2 is 0.7, the F1 score of the model is
the highest at 70.37 when λ3 is chosen to be 0.5. Therefore, in this paper, we choose the λ3
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hyperparameter of pre-training multitasking learning to be 0.5. Similarly, in the case of a
temperature coefficient randomly fixed at 7, when λ1 is 1 and λ3 is 0.5, the highest F1 score
of the model is 70.41 when λ2 is chosen as 0.5; when λ2 is 0.5 and λ3 is 0.5, the highest F1
score of the model is 0.8 when λ1 is chosen as 0.8 is 71.09.

Figure 6. Multitask parameter sensitivity analysis.

For the pre-training temperature coefficient τ, the effect of the value of the pre-training
temperature coefficient τ on the F1 score of the model is shown in Figure 7, with the
parameters of λ1, λ2, λ3 of the multitask learning fixed at 0.8, 0.5 and 0.5. The experimental
results show that the F1 scores of the ABGFMIR model reach the peak at the values of
temperature coefficient τ taken as 3, 7 and 10. In particular, the F1 score of the ABGFMIR
model peaked at 71.09 in the case where the pre-training parameter temperature coefficient
τ was taken as 7. Therefore, the final hyper-parameters were chosen as 0.8 for λ1, 0.5 for λ2,
0.5 for λ3, and τ as 7.

Figure 7. Sensitivity analysis of pre-training temperature coefficient parameters.

4.5. Performances Comparison

To verify the performance of ABGFMIR under uncertain missing modalities, we
compare the accuracy and F1 scores of ABGFMIR with the baseline models through setting
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different missing modalities rates between 0% and 50%. Experimental results are presented
in Table 2. From Table 2 we can see that the F1 scores of each model show a decreasing trend
with the increase in the missing rates. However, the accuracy of some models increases
with the increase in missing rate; this is due to the fact that the missing samples are mainly
concentrated in a few categories, and some models are more inclined to be predicted as
most of the categories in order to increase the accuracy during the training process. As the
F1 scores take into account both the precision rate and the recall rate, they may perform
poorly on a few categories, thus leading to a decrease in F1 score.

Table 2. Experimental results comparing different missing uncertainty modal rates.

0% 10% 20% 30% 40% 50%
Dataset Models

ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1

MIntRec

MAG_Bert 72.65 68.64 68.41 66.12 65.23 63.75 63.86 62.03 61.59 60.59 60.23 56.51
Mult 72.52 69.25 67.95 64.56 64.77 62.18 63.86 61.59 60.45 60.66 58.86 57.11
Misa 72.29 69.32 68.41 65.65 63.64 61.67 62.95 59.44 56.82 56.33 58.86 55.75

IF-MMIN 67.86 66.07 64.96 63.16 62.05 60.26 61.57 59.24 59.03 55.17 58.86 53.52
EMRFM 72.58 70.46 68.41 66.81 62.05 65.95 63.18 63.14 60.00 59.00 57.95 58.18

Ours 73.86 71.09 70.00 67.68 66.14 66.20 65.91 64.48 62.73 62.27 61.82 60.12

EMOTyDA

MAG_Bert 56.45 46.39 55.24 43.52 53.83 42.38 51.21 41.68 48.79 39.48 52.82 38.61
Mult 59.48 46.36 55.44 44.03 54.03 41.64 54.64 41.10 51.81 40.62 50.00 38.57
Misa 59.27 45.32 57.66 44.10 56.05 42.57 55.65 41.69 46.77 40.82 57.86 38.14

IF-MMIN 53.83 35.58 54.44 34.47 52.62 33.83 50.00 29.26 44.76 27.76 48.19 25.82
EMRFM 59.07 46.68 58.06 44.08 55.24 41.73 53.83 40.10 52.42 39.50 51.61 37.94

Ours 59.88 47.25 58.47 44.60 55.65 43.25 55.04 42.70 53.23 40.94 53.63 40.70

From Table 2 we can see that on the dataset MIntRec, our proposed model ABGFMIR
outperforms the other baseline models in terms of accuracy and F1 scores when the missing
uncertainty modal rates are set to 0%, 10%, 20%, 30%, 40% and 50%. Compared with other
baseline models, ABGFMIR improved accuracy by an average of 2.68 and improved F1
values by an average of 3.24.

On the dataset EMOTyDA, the ABGFMIR model outperforms the other baseline mod-
els in terms of accuracy and F1 scores when the uncertain modal missing rate is set to
0%, 10%, and 40%. When the modalities missing rate is set to 20%, the accuracy of the
ABGFMIR model is 0.49 lower than that of the MAG_Bert model. When the modalities
missing rate is set to 30%, the accuracy of the ABGFMIR model is only 0.61 lower than that
of the MAG_Bert model. When the modalities missing rate is set to 50%, the accuracy of the
ABGFMIR model is 4.23 lower than that of the MAG_Bert model. Although ABGFMIR does
not perform as well as MAG_Bert in terms of accuracy under the above missing rates, the
F1 score metrics of the ABGFMIR model outperform those of MAG_Bert for all the missing
rates. In actuality, the F1 scores take into account the classification model’s performance
when dealing with the imbalances and concerns of misclassification more comprehensively
than the accuracy metric, which is especially useful in multicategorization problems. More-
over, compared with other baseline models, ABGFMIR improved accuracy by an average
of 2.28 and improved F1 values by an average of 3.44. In all, the above experimental results
prove that ABGFMIR has better performance than that of other baseline models.

4.6. Ablation Experiment

To better verify the effectiveness of different modules in ABGFMIR, we conducted
modal ablation experiments and module ablation experiments on dataset MIntRec. When
conducting modal ablation experiments, single modal ablation experiments and dual modal
ablation experiments are conducted separately. When conducting single mode ablation
experiments, similarity learning is not performed after cross-modal fusion due to the use
of only text as one modality. In addition, there is no uncertain mode missing in single
modality, and only experiments with a missing rate of 0% are conducted in single modality.
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The bimodal ablation experiment involves pairwise combinations of three modalities (text,
visual and audio). For the module ablation experiment, variants of the ABGFMIR model
are generated by removing different modules. Firstly, we remove the multimodal feature
fusion module from ABGFMIR, and replace it with concatenation after extracting modality
specific features. Then, we remove the pre-trained module (AGNN); finally, we remove the
modality missing prompt module. Similar to the modal ablation experiment, we conducted
ablation experiments with different modalities missing rates ranging from 0% to 50%.

Experimental results are presented in Table 3. Results of modal ablation experiments
are presented as (1)–(7); from these results we can see that in multimodal intent recognition,
the text modality has the strongest importance, and the visual and audio modalities only
play a complementary role for the text modality. According to the results of modal abla-
tion experiments, it was found that adding visual or audio modalities to text resulted in
improved performance. Among them, the F1 score and accuracy of text plus audio are 3.18
and 2.03 higher than those of text plus visual when the missing rate is 0. This is because
the audio modality may be more resistant to some environmental noise compared to the
visual modality. However, the performance of audio plus visual has significantly decreased,
which indicates that the text modality is the key modality for multimodal intent recognition.
From these results, it can be seen that the text modality has significant advantages in mul-
timodal intent recognition. In addition, the experimental results once again demonstrate
the advantage of high correlation and complementarity between different modalities in
multimodal intent recognition.

Table 3. Experimental results comparing different missing uncertainty modal rates.

Models
0% 10% 20% 30% 40% 50%

ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1

(1) T 70.00 66.14
(2) V 16.82 3.29
(3) A 16.14 8.02
(4) T+A 70.91 68.21 70.68 66.80 67.27 65.44 63.37 63.96 60.46 60.14 55.68 57.34
(5) T+V 67.73 66.18 67.05 64.38 66.14 63.82 60.00 60.15 55.24 55.21 51.59 53.25
(6) A+V 17.50 12.39 18.18 9.26 18.64 9.27 15.45 8.01 17.50 7.87 15.68 5.41

(7) T+A+V 73.86 71.09 70.00 67.68 66.14 66.20 65.91 64.48 62.73 62.27 61.82 60.12

(8) -Fusion 73.18 69.10 69.09 66.82 65.00 64.73 62.73 61.08 61.59 59.55 60.68 58.28
(9) -Pre 72.27 70.23 69.55 65.93 63.86 64.59 63.64 62.43 62.05 60.12 60.23 59.88
(10) -Prompt 71.36 69.32 67.95 65.60 64.77 63.88 63.41 62.31 62.05 60.96 59.77 59.40

Specifically, under the condition of uncertain modal loss rates ranging from 0% to 50%,
removing the multimodal feature fusion module resulted in a decrease in F1 score of 1.99,
0.86, 1.47, 3.4, 2.72, and 1.84, respectively. Removing the pre-training module resulted in
a decrease of 0.86, 1.75, 1.61, 2.05, 2.15, and 0.24 in F1 scores, respectively. Removing the
modal prompt module resulted in a decrease of 1.77, 2.26, 2.32, 2.17, 1.31, and 0.72 in F1
scores, respectively. When the missing rates are 0%, 30%, 40%, and 50%, removing the
multimodal feature fusion module results in the greatest decrease in F1 score, indicating
that the multimodal feature fusion module plays a dominant role in ABGFMIR.

4.7. Comparison of Different Grain Size Classifications

To analyze the performance of the ABGFMIR model for categorization with different
granularities, we conduct experiments on the MIntRec dataset with different granular-
ities. Experimental results are shown in Table 4. The coarse-grained categorization of
the MIntRec dataset consists of two categories, “Expressing emotions or attitudes” and
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“Achievement of goals”, and the fine-grained contains 20 categories. Experimental results
in Table 4 show that the F1 scores and accuracies of both coarse and fine-grained catego-
rization decrease with the increase in uncertain modal missing rate. The changes of F1
scores and accuracy for different granularity classifications reveal that ABGFMIR achieves
a substantial improvement when performing coarse-grained classification with fewer cat-
egories. Moreover, as the modalities missing rate increases, the F1 score and accuracy of
ABGFMIR in coarse-grained classification decrease less compared to those of ABGFMIR in
fine-grained classification.

Table 4. Experimental results comparing different missing uncertainty modal rates.

Fine-Grained Coarse-Grained
Missing Rate

ACC F1 ACC F1

(1) 0% 73.86 71.09 90.45 90.37
(2) 10% 70.00 67.68 89.55 89.37
(3) 20% 66.14 66.20 88.64 88.46
(4) 30% 65.91 64.48 87.50 87.32
(5) 40% 62.73 62.27 87.27 87.01
(6) 50% 61.82 60.12 86.82 86.63

Specifically, as the modalities missing rate of the MIntRec dataset increases from
0% to 50%, the F1 scores and accuracies of ABGFMIR in coarse-grained classification
decrease by 3.74 and 3.63, with an average decrease of 0.75 and 0.73 each time, while
those of ABGFMIR in fine-grained classification decrease by 10.94 and 12.04, with an
average decrease of 2.19 and 2.41 each time. The above results are due to the F1 score and
accuracy of coarse-grained classification being much more stable in the case of broader
categories classification; the categories are broader and the model may still be able to
classify relatively accurately with other available information for some samples that show
uncertain modal deficiencies. Compared to coarse-grained categorization, multiple, more
specific and detailed subcategories in fine-grained categorization cause confusion and
lead to difficulty in model convergence. Based on the above experimental results, we can
conclude that ABGFMIR has better robustness in coarse-grained classification compared
that of ABGFMIR in fine-grained classification.

5. Conclusions
To solve the problem of multimodal intent recognition under uncertain missing modal-

ities, we propose an Attention Bidirectional Gated Fusion Based Multimodal Intent Recog-
nition model (named ABGFMIR). Firstly, to investigate the interaction of multimodal
feature fusion, ABGFMIR adopts an attention bidirectional gated multimodal feature fusion
module and a constraint strategy based on the CMD distance to bring the audio modality
and visual modality closer to the textual modality. For the uncertain missing modalities,
ABGFMIR directs the model’s attention to these missing modalities by adding appropriate
prompts in the Transformer. Moreover, we propose a pre-trained model which is trained
with the complete modality to supervise the learning process of ABGFMIR at the clas-
sification layer, thus improving the generalization performance of ABGFMIR. Extensive
experiments were conducted on two public benchmark datasets (MIntRec and EMOTyDA),
and experimental results prove that our proposed model ABGFMIR has better performance
in multimodal intent recognition under uncertain missing modalities than other baseline
models. In our future work, we will conduct research on multimodal intent recognition
driven by data and knowledge fusion.
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