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Abstract

Understanding intention and emotion from social media
poses unique challenges due to the inherent uncertainty in
multimodal data, where posts often contain incomplete or
missing modalities. While this uncertainty reflects real-
world scenarios, it remains underexplored within the com-
puter vision community, particularly in conjunction with
the intrinsic relationship between emotion and intention.
To address these challenges, we introduce the Multimodal
IntentioN and Emotion Understanding in the Wild (MINE)
dataset, comprising over 20,000 topic-specific social me-
dia posts with natural modality variations across text, im-
age, video, and audio. MINE is distinctively constructed
to capture both the uncertain nature of multimodal data
and the implicit correlations between intentions and emo-
tions, providing extensive annotations for both aspects. To
tackle these scenarios, we propose the Bridging Emotion-
Intention via Implicit Label Reasoning (BEAR) framework.
BEAR consists of two key components: a BEIFormer that
leverages emotion-intention correlations, and a Modality
Asynchronous Prompt that handles modality uncertainty.
Experiments show that BEAR outperforms existing meth-
ods in processing uncertain multimodal data while effec-
tively mining emotion-intention relationships for social me-
dia content understanding.

1. Introduction

Intention and emotion are fundamental in shaping human
social behaviors and decision-making processes [25, 32,
38]. Understanding their interplay is crucial for the ad-
vancement of artificial general intelligence. While prior
studies [6, 42, 43] in the vision community have indepen-
dently explored intention or emotion recognition in multi-
modal contexts (as illustrated in Fig. 1), employing datasets
like MIntRec [47] and IEMOCAP [2], these datasets fail
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Figure 1. Overview of multi-modal emotion and intention under-
standing from social media platforms.

to capture the inherent link between intention and emotion
and overlook the challenges of uncertain modalities and the-
matic diversity in real-world scenarios. Addressing these
gaps is vital for a comprehensive understanding of inten-
tions and emotions in natural environments. In this paper,
we introduce the Multimodal Intention and EmotioN Un-
derstanding in the Wild (MINE) dataset. MINE provides
detailed annotations of both intention and emotion, estab-
lishing a platform to explore their correlation. It presents
the challenges of uncertain modalities, thus mirroring the
intricacies of real-life social interactions, as shown in Fig. 2.

The design of MINE is guided by several key principles:
1) MINE addresses a critical gap in existing datasets by en-
abling comprehensive insights into the interactions between
intention and emotion within social contexts. 2) In con-
trast to data typically curated under controlled conditions
(such as scripted dialogues or TV series clips [2, 30, 35,
44, 46, 47]), which exhibit significant disparities with real-
world situations, MINE leverages authentic user-generated
content from social platforms, thus mirroring real-world dy-
namics of intention and emotion expression. 3) Unlike re-
lated datasets that typically assume fixed modalities [2, 47],
MINE incorporates the challenge of uncertain modalities
in social media, enhancing the realism and applicability of
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Figure 2. Overview of the MINE dataset, illustrating the multimodal data collection from social media, categorized by topics and including
text, image, video, and audio content, each reflecting various intentions and emotions. The modality combination is uncertain.

intention and emotion understanding tasks. At the algo-
rithmic level, this manifests as the missing modality prob-
lem, where modality heterogeneity is primarily reflected in
the absence of certain modal inputs. Previous research on
missing modalities [3, 50] often relies on artificial sampling
methods, creating biases and noise due to incomplete in-
formation (e.g., an image showing “news about something”
with the text “That’s so ironic!”, where removing text leads
to misinterpretation). MINE, however, preserves native
modal information, eliminating potential errors and offer-
ing a reliable benchmark for uncertain modality research.
4) By utilizing topical tags (such as #CAMPUS) from so-
cial media, MINE provides objective context for analyzing
intentions and emotions, enabling a more nuanced under-
standing of these elements within specific thematic frames.

To harness the intricate relationship between emo-
tions and intentions within the MINE dataset, we propose
Bridging Emotion-Intention via Implicit Label Reasoning
(BEAR) framework, comprising two key components:
BEIFormer and Modality Asynchronous Prompt (MAP).
The BEIFormer introduces an innovative contrastive task,
utilizing [MASK] tokens to conceal intention and emotion
labels within training prompts. This design enables the
model to reconstruct textual data that is in alignment with
ground truth labels, leveraging multimodal inputs and the
process of unmasking text. This implicit reconstruction and
alignment process in BEAR enhances the understanding by
delving into the relationship between emotion and inten-
tion. Furthermore, the MAP is specifically engineered to
tackle the challenge of uncertain modalities. It provides
customized cues tailored for diverse uncertain scenarios,
thereby substantially improving understanding capacity in
contexts where modality data may be incomplete.

In summary, our contribution is threefold:

(1) We introduce MINE, the first large-scale dataset that
captures the inherent relationship between intention and
emotion. Comprising over 20,000 topic-specific posts with
natural modality distribution, MINE uniquely provides ac-
curate annotations for intention and emotion, enabling sys-
tematic study of their correlations in realistic scenarios.

(2) We propose Bridging Emotion-Intention via Implicit
Label Reasoning, a novel framework that bridges emo-
tion and intention understanding. It incorporates two key
components: (i) BEIFormer that implicitly mines emotion-
intention relationships through contrastive learning, and
(ii) Modality Asynchronous Prompt that handles uncertain
modalities without compromising existing features.

(3) We establish comprehensive benchmarks on MINE
by evaluating multiple baselines. Through extensive ex-
periments, we demonstrate that BEAR consistently out-
performs existing methods by significant margins (e.g.,
+2.65% Macro F1 for intention recognition and +3.54% ac-
curacy for emotion recognition), validating the importance
of joint emotion-intention modeling.

2. Related Work

2.1. Intention and Emotion Understanding

Intention recognition is to understand the goals behind
human actions. While early datasets like ATIS [9, 37]
were limited to specific domains, recent datasets like
CLINC150[15], Intentonomy [11], and MIntRec [47, 48]
have expanded to diverse sources including social media
and TV series.

For emotion recognition, datasets have evolved from
controlled environments (IEMOCAP [2]) to more natural-
istic settings with CMU-MOSEI [46], PanoSent [21], and
MELD [26], encompassing multimodal expressions across
text, speech, and visual cues. However, as shown in
Tab. 1, existing datasets typically focus on either intention
or emotion in isolation. While recent works such as EMO-
TyDA [31], MC-EIU [17], and Emolnt-MD [35] attempt
to combine both aspects, they are constrained by controlled
settings and fixed modalities, unlike real-world social media
posts which often contain varying combinations of modali-
ties. Our MINE dataset addresses these limitations by cap-
turing authentic emotion-intention relationships while pre-
serving the natural complexity of missing modalities.
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Modalit, . . Class Nums Data
Type Dataset B B @y B Missing Emo. Int. Nums Source
CLINC150 [15] v o x o x X X - 150 23,700 Acted
HWU64 [18] v X x X X - 64 25716 Acted
Intention Intentonomy [11] v v X X X - 28 14,455  In the wild
MDID [14] v v oXx X X - 8 1,299  In the wild
MSED [10] v vox X X - 6 9,190  In the wild
MintRec [47] v X v v X - 20 2,224 TV
MintRec2.0 [48] v X v Vv X - 30 15,040 TV
IEMOCAP [2] v X v Vv X 6 - 7,433 Acted
CMU-MOSEI [46] v X Vv V X 6 - 23,453  In the wild
Emotion  GoEmotions [4] v X x X X 28 - 58,000 In the wild
EmotionRol [24] v X X X X 6 - 1,980  In the wild
MELD [26] v X v v X 8 - 13,708 TV
All EMOTyDA [31] v X v v X 10 12 19,365 Acted
MINE v v v v v 11 20 20,168  In the wild

Table 1. Comparison of existing datasets for intention (Int), emotion (Emo), and combined (All) understanding. MINE uniquely addresses
uncertain modalities while combining both emotion and intention analysis in real-world scenarios.

2.2. Uncertain Modality in the Wild

Uncertain modality (or missing modality) presents a funda-
mental challenge in multimodal understanding. Contem-
porary studies [3, 16, 22, 23, 50] have investigated this
challenge using datasets like IEMOCAP [2] and CMU-
MOSEI [46]. Researchers have proposed various ap-
proaches, ranging from automated fusion strategy identi-
fication [22] and meta-sampling integration [3] to unified
frameworks for modality inference [29, 50] and Bayesian
meta-learning applications [23].

However, these methods typically rely on random sam-
pling to simulate missing modalities, which can introduce
bias and alter the original content meaning (refer to Ap-
pendix G). In contrast, MINE captures naturally occurring
uncertain modalities in the wild, providing a more authentic
foundation for multimodal research.

3. MINE Dataset

In this section, we outline the creation of the MINE dataset,
including steps such as data preparation, establishing cate-
gories for intentions and emotions, annotating multimodal
content with these categories, and analyzing the data. De-
tailed metrics of the MINE dataset are provided in Tab. 2.

3.1. Topic Definition and Data Preparation

To explore how topics influence the understanding of in-
tentions and emotions in real-world scenarios, we ob-
tained permission from the consent of data subjects and
collected high-quality, multimodal data from social media
platforms—venues teeming with genuine user expressions.
This approach significantly diverges from the artificial con-
fines of laboratory settings or the limited diversity found

in sources like movie clips, frequently utilized in prior re-
search. Our strategy involved organizing a wide range of
multimodal data via clusters based on topic-specific hash-
tags, ensuring a rich and varied data source.

The MINE dataset comprehensively covers ten topics
that are integral to daily life. Following the methodology
of Kapoor et al. [12], we selected these topics from the
top 100 most frequently discussed subjects on social media
platforms. MINE explores these topics in depth, paying par-
ticular attention to intersections identified through related
keywords. For instance, the keyword ‘Education’ encom-
passes associated themes such as ‘Social Media Impact on
Teachers and Students’ and ‘Use of Social Media in Aca-
demic Learning’. To ensure thematic diversity, we selected
ten distinct topics for our study and developed a comprehen-
sive keyword framework for each one, with detailed docu-
mentation available in Appendix A. For data collection, we
employed a hashtag-based method (e.g., #Education) rather
than general topic searches to capture a broader variety of
content within each topic.

The data collection spans Twitter posts from 2019 to
2022, with all content obtained with explicit user consent.
To ensure data quality, we implemented multiple prepro-
cessing steps, including the removal of nonsensical texts
(those consisting solely of links or random characters) and
the filtering of harmful content (related to pornography and
drugs). While visual content plays a crucial role in con-
veying emotional and intentional nuances, we maintained
a deliberate balance with textual content to ensure compre-
hensive multimodal analysis. The final dataset composition
reflects this approach, with visual content constituting ap-
proximately 70% of the data, creating a diverse yet imbal-
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Item Number

Number of intentions 20
Number of emotions 11
Number of text 20044
Number of images 12428
Number of videos 3895
Number of audios 1615
Average length of text utterances (words) 20.0
Total number of words 489069
Average duration of videos (seconds) 24.4
Total duration of videos (hours) 21.9

(a) Data Statistics

Text Image Video Audio Number
v 3913
v 99
v 4
v v 12261
v v 2248
v v 3
v v 18
v v v 26
v v v 1557
v v v v 39

(b) Distribution of Modality Combinations

Table 2. Data and Modality Statistics of the MINE dataset.

anced multimodal distribution, as detailed in Tab. 2.

3.2. Taxonomy Definition and Data Annotation

Defining labels for intentions and emotions presents a
unique challenge due to their subjective nature. While pre-
vious work [47] treated intentions as mutually exclusive cat-
egories (‘Expressing emotions’ or ‘Achieving goals’), we
argue that social interactions naturally blend both elements,
aligning with philosophical theories [32].

MINE incorporates 20 intention and 11 emotion la-
bels per data point, drawing from literature on both di-
alogue and visual intention analysis [11, 47] and emo-
tion research [2, 34]. We frame intention recognition as a
multi-label task to capture the nuanced nature of social me-
dia interactions, while structuring emotion recognition as a
single-label task to identify dominant emotions, consistent
with established practices [2]. To address inherent subjec-
tivity, our annotation employs a crowd-sourcing platform
with dual annotations. Detailed category definitions and an-
notation guidelines are provided in Appendices A and H.

The annotation workflow involved two independent
groups of annotators (15 and 13 members) under domain
expert supervision. Through iterative training and valida-
tion, we reduced the initial annotation discrepancy rate from
over 25% to below 3%. The final dataset comprises 16,000
training samples, 2,000 validation samples, and 2,000 test
samples, with 20% undergoing additional expert review.
Privacy protection measures and detailed annotation proto-
cols are documented in Appendices C and H.

Analysis of the annotated data reveals strong correla-
tions between intentions and emotions. For instance, ag-
gressive intentions (“Criticize”, “Disagree”) frequently co-
occur with negative emotions. We also observe that certain
intentions can complement emotional states - for example,
“Comfort” intentions often appear in posts with “Sad” emo-
tions, suggesting an attempt to provide emotional support.
Additionally, while topic-intention correlations exist (e.g.,
“Teach” with education-related content), they are more one-
to-one and less pronounced than emotion-intention relation-
ships. Detailed analyses are provided in Appendix B.

3.3. Feature Pre-extraction

We pre-extract features from each modality (text, image,
video, and audio) in the dataset to facilitate multimodal
fusion. This approach offers three key advantages: it re-
duces signal complexity and computational costs for re-
searchers, enables consistent and fair comparisons across
different multimodal fusion techniques, and minimizes pri-
vacy risks in our data. For feature extraction, we employ
state-of-the-art pre-trained models: BERT [13] for text,
ViT-S [5] for images, Video Swin Transformer [20] for
video, and wav2vec 2.0 [1] for audio. All extracted fea-
tures are aligned to a dimension of 768 to ensure consistent
multimodal fusion. Detailed feature extraction procedures
are documented in Appendix C.

4. Proposed Method
4.1. Bridging the Relation of Emotion and Intention

As previously highlighted, the interconnection of intentions
and emotions is important in both real-life situations and
neural network analyses. Existing methodologies that fo-
cus solely on either intention or emotion often overlook
the valuable insights from their interaction, limiting com-
prehensive understanding in both domains. To bridge this
gap, we introduce the Bridging Emotion-Intention Former
(BEIFormer), as depicted in Fig. 3. This model unifies these
two critical domains. Specifically, we first establish the
baseline for multimodal emotion and intention understand-
ing by pre-extracting features from multimodal data to pro-
duce text, visual, and audio modality features X, Xy, and
X 4, respectively (as detailed in Sec. 3.3). We then employ
Multi-modal Transformer [36] to aggregate features from
any two modalities, extracting joint information, demon-
strated here using visual and audio modalities:

QVKX>
Yy = soft —= 1V,
v = softmax < N A

XvWo, Wl,—(r X X
softmax
Vdy

ey

) XAWVA7
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Figure 3. Architecture of the Bridging Emotion-Intention via Implicit Label Reasoning (BEAR) framework. The framework consists of
two main components: (1) a MulT Former that aggregates multimodal features into a unified representation, and (2) a Bridging Emotion
Intention Former that fuses aggregated and prompt features. During training, ground truth emotion and intention labels are encoded to
match the answer feature, enabling effective integration of emotion-intention signals and enhanced reasoning capabilities.

where Qv = XyWqg,, Ka = XaWk,, and Vy
X AWy, represent Query, Key, and Value component from
the Audio modality, respectively. The term W denotes the
weights. Here, Yy, maintains the same length as Qv (i.e.,
Tv), but exists in the feature space of V4. The softmax
function in Eq. (1), scaled by v/dj, computes a score matrix
softmax(-) € RTV*T4a with its (i, 7)-th entry quantifying
the attention from the ¢-th time step in modality V' to the
j-th time step in modality A. Consequently, each i-th time
step of Yy represents a weighted summary of V4, weighted
by the ¢-th row in softmax(-).

After applying two-pair cross-modal adaptation to three
modalities, we obtain the modality aggregated representa-
tion f,,,. However, this approach primarily reveals in-
tention or emotion-related features within the multimodal
data, driven by a singular training objective. It over-
looks the intrinsic correlations between intentions and emo-
tions that could serve as additional supervisory information.
To leverage this relational information, we devise an im-
plicit BEIFormer that integrates all-level intermediate to-
kens from both the Multi-modal Former, establishing im-
plicit Emotion-Intention associations to enhance the under-
standing of these subjective dimensions. Specifically, we
define the BEI Prompt T}y, as a textual modality prior (as
shown in Fig. 3), using [MASK] tokens to erase Emotion-
Intention related priors. This process generates the hint fea-
ture fprom via the BEI Former (a transformer-based sub-
network), serving as the Query input for the BEIFormer.
The BEIFormer then utilizes the modality aggregated fea-
ture f,,, as Key and Value inputs to generate the final inter-
action output fpe;f.

Subsequently, we transform the emotion and intention
labels into textual information Ty; and use text encoder to
align these labels within the same representation space as
the hint feature, producing the ground truth feature fg;. The
ground truth feature and the BEIFormer interaction output
fveiy are then used for contrastive learning during training:

exp(z] yi/7)

B T ’
Zj:l exp(z; y;/7)
where = and y are elements from fy.;r and fg, respec-
tively, B denotes the batch size, and the temperature hyper-
parameter 7 is empirically set to 0.05. The full training loss
is defined as:

NCE(z;,y;) = —log 2)

»Cemo + »CNCEa
Ling + LNCE,

C; = emo,

Etntal = C int
t = 1,

3)
where C; determines the current task. In our model, Lemoyint
represents the conventional loss for emotion or intention
classification. For emotion recognition, we employ the stan-
dard multi-class cross-entropy loss:

M
S yielog(pic), @)
=1

e

1 1
»Cemo: N;cz :_N

where N is the number of samples, M is the number of
classes, y;. indicates the ground truth label (1 if the i-th
sample belongs to class ¢, and 0 otherwise), and p;. is the
predicted probability of the ¢-th sample belonging to class
c. This loss function also applies to multi-label intention
understanding, ensuring a consistent approach across both
emotion and intention classification tasks. Through implicit
engagement with semantic correlations between intention
and emotion during training, the BEIFormer enhances the
network’s capacity to discern these subjective dimensions,
enabling more nuanced understanding.

4.2. Modality Asynchronous Prompt

In addition to the interplay between Emotion-Intention, the
challenge of uncertain modalities presents a significant hur-
dle. Existing methods fail to provide a reasonable solution.
For instance, MMIN [50] focuses on learning inter-modal
correlations during multimodal data training to infer miss-
ing modal information at deployment. However, this strat-
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Figure 4. Comparison of Modal Asynchronous Prompt strat-
egy with MPMM [16]. MAP preserves original representations
in existing modalities while only prompting missing modalities,
whereas the full modality prompt can corrupt existing features.

egy heavily relies on extensive multimodal priors, a require-
ment rarely met in social media contexts. While methods
like MPMM [3, 16] take an alternative approach by using
prompts to integrate missing information into neural net-
works, their strategy of indiscriminately concatenating all
modalities, as shown in Fig. 4, risks compromising feature
integrity. This approach can lead to data distortion, reduc-
ing model effectiveness in handling missing modalities.

In response, we introduce the Modality Asynchronous
Prompt (MAP), which dynamically provides asynchronous
cues tailored to various types of missing modality. For
each missing type, we develop a unique set of prompts
that supply contextually relevant cues, enriching the miss-
ing modalities while preserving features of existing modal-
ities. For example, when text and visual inputs are missing,
our approach focuses exclusively on enhancing the missing
modalities, ensuring that audio features remain undisturbed.

Furthermore, we integrate these prompts with existing
features through element-wise addition (sums prompt fea-
tures with missing modality features) rather than concatena-
tion, minimizing parameter count and computational over-
head by avoiding the additional Multi Layer Perceptron re-
quired in concatenation approaches.

5. Benchmark and Experiments
5.1. Benchmark Methods

For our benchmark, we select established baseline methods
in multimodal intention recognition [8, 36, 41] and missing
modality challenges [16, 50], chosen for their demonstrated
efficacy and influence. They are all trained on MINE.

MulT. The Multimodal Transformer (MulT) [36] employs
the Transformer [39] for learning multimodal language rep-
resentations through directional cross-modal attention. For

consistency, we combine image and video features for vi-
sual representation across all multimodal approaches.
MISA. Modality-Invariant and -Specific Representations
(MISA) [8] differentiates modality features into invariant
and specific subspaces for enhanced fusion and prediction.
MFSA. This approach [41] leverages a transformer-based
model with adversarial learning to create modality-specific
and -agnostic representations for sentiment recognition.
MMIN. The Missing Modality Imagination Network
(MMIN) [50] predicts absent modality representations
through joint multimodal representation learning.

MPMM [16] introduces a prompt-based learning frame-
work, enhancing robustness in visual recognition tasks un-
der various missing-modality conditions.

All missing modality experiments use MulT [36] as the
baseline framework for consistency, with detailed configu-
rations that can be found in Appendix F.

5.2. Experimental Setup

Evaluation Metrics. Following [11, 33], we utilize three
multi-label metrics for intention understanding: Macro F1,
Micro F1, and Samples F1, chosen for comprehensive per-
formance assessment. Detailed metric definitions appear in
Appendix E. For emotion recognition, following [47], we
use accuracy, F1 score, precision, and recall to evaluate
model performance comprehensively.

5.3. Main Experiments

Table 3 presents the performance comparison of various
methods on intention and emotion understanding tasks.
Our approach consistently outperforms existing techniques
across both validation and test splits, demonstrating signif-
icant advances in handling missing modalities and mining
the Emotion-Intention relationship in social media analysis.
On the validation set, our method achieves a Macro
F1 score of 36.02% for intention understanding, surpass-
ing the MulT baseline by 2.65%. For emotion recog-
nition, it reaches 64.82% accuracy, exceeding MulT by
3.54%. These improvements persist in the test split, with
our method achieving 35.79% Macro F1 and 64.53% accu-
racy, outperforming the baseline by 2.68% and 1.81%.

These results highlight the effectiveness of our strategy,
particularly our Bridging Emotion-Intention via Implicit
Label Reasoning (BEAR) approach. BEAR significantly
enhances the accuracy of intention and emotion recogni-
tion, achieving substantial gains over the metrics compared
to conventional training methods that treat these tasks sep-
arately. This underscores our method’s capacity to offer a
deeper and more accurate analysis of intention and emotion,
validating its superiority in multimodal data analysis within
the context of social media.
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. Intention Emotion

Split Method Macro F1 ~ Micro F1 ~ Samples F1 | Acc. F1 Score Precision Recall
Random 15.12 18.03 17.69 491 1.85 4.82 2.25
MISA [8] 23.89 53.32 53.63 63.93 18.60 20.22 17.55
MFSA [41] 31.55 53.88 53.52 64.15 19.56 20.07 17.91

Validation ~ MulT [36] 34.37 52.47 53.18 61.28 19.29 20.88 18.79
TCL_MAP [51] 34.25 53.14 53.71 63.15 19.14 20.01 18.79
MMIN [50] 27.91 48.85 49.50 59.30 17.45 20.67 16.97
MPMM [16] 32.88 52.07 53.00 63.15 17.65 21.10 17.58
Ours 36.02 54.06 53.88 64.82 19.89 21.31 19.85
Random 15.18 17.96 17.61 6.25 2.06 5.17 2.00
MISA [8] 23.74 52.27 52.54 63.28 15.55 23.98 16.52
MFSA [41] 32.40 53.75 53.01 64.05 17.69 26.58 17.91

Testing MulT [36] 34.11 52.05 52.77 62.72 20.38 23.83 19.58
TCL_MAP [51] 34.73 51.64 52.41 63.31 20.14 25.27 19.32
MMIN [50] 27.15 48.14 49.02 57.71 15.47 17.60 15.17
MPMM [16] 32.81 52.13 52.74 62.82 17.78 25.27 17.94
Ours 35.25 52.90 53.35 64.67 20.55 29.64 19.95

Table 3. Performance comparison of multimodal fusion and missing modality methods on intention and emotion understanding tasks.
Results show consistent improvements of our approach across all metrics on both validation and test sets.

5.4. Ablation Study

Component Analysis. Our study delves into the advan-
tages of combining the Modality Asynchronous Prompt
(MAP) with the Bridging Emotion-Intention Former
(BEIF), offering a detailed examination in Tab. 4. Our re-
sults reveal that while each component individually con-
tributes to performance improvement—MAP elevating the
Macro F1 score to 33.36% and BEIF to 35.25% for in-
tention understanding—it’s their combined application that
significantly amplifies effectiveness, as evidenced by the
compelling outcomes achieved (35.79% Macro F1, 53.92%
Micro F1, and 54.88% Samples F1). The ablation study
on MAP particularly highlights the effectiveness of our
method, especially in addressing the challenge of missing
modalities. The asynchronous prompting of missing infor-
mation, crucially, does not compromise the feature space
of the existing modalities. This approach, combined with
our preference for element-wise addition over concatena-
tion, ensures the dimensional consistency and integrity of
the data representation remain intact. These findings indi-
cate that our holistic approach is adept at offering a nuanced
and thorough understanding of complex multimodal data.

Emotion-Intention Correlation Mining. To validate the
effectiveness of various strategies for mining intention and
emotion correlations, we conduct ablation studies, as shown
in Tab. 5. The experiments explore various methods, in-
cluding a generic multi-task learning paradigm that directly
combines emotion and intention losses. This paradigm,
while straightforward, shows limited improvement (Macro
F1: +1.21%) due to the absence of a specialized Emotion-
Intention mechanism during training. It can even harm the
ability to understand intention in certain scenarios, with de-
creases in Micro F1 (-1.06%) and Samples F1 (-0.30%)
compared to the baseline. While the Complete Information
method (Comp. Info.), which employs one aspect as a prior
during both training and inference, exhibits notable gains
(+9.06% Macro F1, +9.80% Micro F1), its practical appli-
cation is limited by available prior knowledge in real-world
scenarios. The limitations of these alternative approaches
further emphasize the importance of BEAR, which achieves
consistent improvements (+2.44% Macro F1) without re-
quiring additional inference-time information.

Feature Extractor Impact. Beyond model architecture,
we investigate how different feature extractors influence in-

Component Intention Emotion
MAP EA BEIF | MacroF1 MicroF1 Samples F1 | Acc. F1 Score Precision Recall
32.81 52.13 52.74 62.82 17.78 25.27 17.94
v 33.36 52.74 53.43 62.72 18.95 28.43 19.30
v v 34.37 52.47 53.18 61.28 19.29 25.88 18.79
v 35.25 52.90 53.35 64.67 20.02 29.19 19.35
v v v 35.79 53.92 54.88 64.53 20.55 29.64 20.35

Table 4. Ablation study showing the contribution of each component. Integration of both Modality Asynchronous Prompt (MAP) and
Bridging Emo-Int Former (BEIF) yields optimal performance across all metrics. EA means element-wise addition.
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Method Macro F1 l\sll:ct:(recl: tli(in Samples F1 Method Macro F1 1\511112:: t}i‘;“ Samples F1
Baseline 32.81 52.13 52.74 Baseline 32.81 52.13 52.74
w/ Multi-task (i‘:i(z)?) (511 .'gg) :3.;181) W/ ASTIT] (ig%) (i(z)..?;;) 5312?))
w/ Emolnt-Trans [35] (311 .53) (?g..gg) (511 ﬁ) w/ CLIP-VIT-S [27] (iélt.g?) (i?;g) (i‘:igi)
w/ BEIFormer (i;iﬁ) (i?)'.gg) (i?):z?) w/ Swin=S [20] (ig';;‘) (i?)l.gZ) (i?)'.gi)
w/ Comp. Info.f (itl)(\)Z) &1)23) (ii(s)z) W/ SemBERT [49] 531'_23 531'_3; (i‘:i(z)zs)

Table 5. Advanced relation mining strategies are important in en-
hancing emotion-intention analysis. frepresents the utilization of
supplementary information during the inference process.

tention and emotion understanding performance. We eval-
uate various state-of-the-art extractors for visual [20, 27],
audio [7], and textual [49] modalities. As shown in Tab. 6,
more advanced feature extractors consistently improve per-
formance. CLIP-ViT-S [27] provides the most substan-
tial gains for visual features (+1.81% Macro F1), while
SemBERT [49] significantly enhances text representation
(+1.42% Micro F1). Notably, while AST shows modest im-
provements in the metrics (+0.76% Macro F1), its impact
is more significant than these numbers suggest, given that
audio data comprises only a small portion of the test set.
Generalization Analysis on CMU-MOSEI. To evaluate
the generalizability of our MAP approach, we conduct ex-
periments on the CMU-MOSEI dataset across various base-
line architectures, as detailed in Tab. 7. MAP demonstrates
consistent improvements across all tested configurations.
These consistent gains across different architectures and
modality combinations validate MAP’s robustness in han-
dling missing modalities.

Data Imbalance. The modality imbalance in MINE is in-
tentional, reflecting the natural, in-the-wild modality distri-
bution of social media content. To evaluate its impact, we
conduct experiments with modality resampling. As shown
in Tab. 8, resampling (the rare modalities by 2x and 3x), es-
pecially feature-level contribution resampling [40], can im-
prove the understanding performance.

6. Conclusion and Discussion

We introduce MINE, a novel dataset capturing the inherent
relationship between intention and emotion in natural social
media settings. Unlike existing datasets that treat these as-
pects in isolation or rely on controlled environments, MINE
preserves the authentic challenges of real-world social me-
dia data—particularly uncertain modalities and diverse the-
matic contexts. By providing detailed annotations for both
intention and emotion across multiple modalities, MINE es-
tablishes a comprehensive benchmark for understanding hu-
man social behavior in naturalistic settings.

Table 6. Impact of various feature extractors.

Utilized modality

Model TV T A T
MulT [36] 37.15 38.28 41.91
w/ MAP 38934175 3914086 43354144
MEN [45] 58.48 60.54 59.74
w/ MAP 61.33+2‘85 61.95+1,41 63.72+3,98
BERT_MAG [28] 62.83 61.39 62.83
w/ MAP 64.51+1468 62.55+1,16 64.42+1,59
LMF [19] 42.38 57.15 55.94
w/ MAP 4425, 147 58.674150 57124118

Table 7. Evaluation MAP across various architectures and modal-
ity combinations on CMU-MOSEI. T: Text, V: Visual, A: Audio.

Methods‘ ours 2*rare 3*rare Wei et al [40]

Average | 5145 5179  51.08 53.20

Table 8. Results of various methods for resisting modal imbalance.

To effectively process MINE’s complex multimodal
data, we propose BEAR (Bridging Emotion-Intention via
Implicit Label Reasoning). It addresses two critical chal-
lenges: the intrinsic relationship between emotion and in-
tention, and the uncertainty of modalities. The BEAR em-
ploys an alignment task with masked emotion and intention
categories, enabling implicit mining of their relationships.
Meanwhile, the Modality Asynchronous Prompt handles
missing modalities through targeted prompting that pre-
serves the integrity of available features. Experimental re-
sults demonstrate BEAR’s effectiveness, outperforming ex-
isting methods across various metrics. In summary, MINE
opens new avenues for understanding human social behav-
ior through multimodal content.
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