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Abstract

Multimodal intent recognition is aimed at understanding user
intentions by integrating information from multiple modali-
ties. It has attracted increasing attention in recently developed
dialog systems. The existing studies have focused mainly on
modeling semantic interactions within and across modalities,
but they often overlook the reliability of each modality. In
real-world scenarios, inputs may be corrupted by noisy au-
dio, blurred or occluded videos, or ambiguous text, making
it difficult for the employed model to determine who to trust
and how much to trust. To address this challenge, we propose
a method called explicit confidence-focused multimodal in-
tent recognition (ECFMIR). The core idea of this approach
is to assign each modality and each cross-modal associations
feature a dedicated confidence lens (CLens) that explicitly es-
timates the confidence level in a hypothetical manner. This
design helps reduce the degree of uncertainty and mitigate
the risk of incorrect predictions when addressing conflicting
inputs. Comprehensive experiments conducted on two bench-
mark multimodal intent recognition datasets demonstrate the
effectiveness of our method. A further analysis reveals that
ECFMIR achieves significant advantages for high-conflict
categories and under low-resource conditions.

Code — https://github.com/SixOne666111/ECFMIR

Introduction

Intent recognition in artificial intelligence is aimed at iden-
tifying the underlying purposes behind user inputs (Chen,
Zhuo, and Wang 2019). Prior research has extensively
demonstrated the importance of textual modalities (Tsai
et al. 2018). However, beyond textual descriptions, visual
cues and acoustic signals also carry rich information and of-
ten exhibit strong complementarity (Liu et al. 2022). The
incorporation of such modalities is not only beneficial but
also more practical in real-world applications (Zhao, Zhang,
and Geng 2024). Multimodal intent recognition goes beyond
traditional unimodal approaches by leveraging complemen-
tary data derived from text, speech, and vision (Sun et al.
2024). This holistic perspective enables models to gain a
more comprehensive and nuanced understanding of user in-
tents (Zhang et al. 2024b).
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Figure 1: Modalities may conflict or exhibit varying degrees
of reliability.

Despite the progress made, most existing work overlooks
the reliability of each modality (Ma et al. 2023). Some stud-
ies focus solely on intra- or intermodal fusion, whereas oth-
ers rely on complex attention mechanisms to implicitly han-
dle noisy inputs (He et al. 2024). Few studies have provided
an interpretable and explicit confidence estimate for each
modality as a whole (Zhao and Li 2024). As a result, the
various contributions of different modalities are often un-
derappreciated.

Some modalities may exhibit low apparent noise levels
but contain misleading information, making naive fusion in-
sufficient for enabling a model to select reliable cues on the
basis of appropriate confidence, thereby undermining the re-
liability of intent recognition. As illustrated in Figure 1, a
middle-aged man is speaking with his brow furrowed tightly,
clearly conveying suspicion and dissatisfaction. He utters
the phrase I guess this is just okay” in a flat tone, while his
voice contrasts sharply it is marked by emphatic stress, an
elevated pitch, and an accelerated pace. This scene presents
a pronounced multimodal conflict: the facial and body lan-
guage of the man signal negation and rejection, and his au-
dio conveys intense emphasis, whereas the textual content
appears weak and subdued. Under such conditions, models
struggle to discern which modality is trustworthy and accu-
rate.

To address the above challenges, we propose a novel
framework, explicit confidence-focused multimodal intent
recognition (ECFMIR), which involves constructing cross-
modal associative features and explicitly modeling their reli-
ability. At the core of ECFMIR is a confidence lens (CLens),
which estimates the uncertainty of each feature and trans-



forms it into an unreliability index (UI). This UI is then
modulated by a learnable focal length derived from the la-
tent representations of the features and further converted into
a confidence score through an exponentially decaying func-
tion. As a result, features with higher unreliability values
receive lower confidence, enabling the model to make more
robust decisions.

The resulting confidence scores directly guide a sample-
level modality selection process, allowing the model to
determine which modalities and cross-modal relations are
trustworthy. Extensive experiments demonstrate that our
method consistently outperforms the state-of-the-art base-
lines. Our main contributions are as follows.

¢ We introduce a CLens, which is a novel mechanism that
estimates the UI for each modality and regulates it via fo-
cal length modulation, enabling explicit and interpretable
modality reliability modeling.

We propose a multimodal intent recognition framework
that explicitly models the reliability of both individual
modalities and their cross-modal associations. To our
knowledge, this is the first work to provide such a reli-
ability estimation procedure in the context of multimodal
intent recognition.

We conduct comprehensive experiments on two chal-
lenging benchmark datasets, which demonstrate that
our method outperforms the existing state-of-the-art ap-
proaches in multimodal intent recognition tasks.

Related Work
Multimodal Intent Recognition

Multimodal intent recognition enhances semantic under-
standing by integrating text, visual, and audio signals.
Early approaches such as MulT (Bhattacharjee et al. 2022),
introduced directional cross-modal attention for perform-
ing unaligned sequence fusion. MISA (Hazarika, Zimmer-
mann, and Poria 2020) disentangles modality-invariant and
modality-specific features to reduce distribution gaps. The
multimodal adaptation gate-bidirectional encoder represen-
tations from transformers (MAG-BERT) (Rahman et al.
2020) uses an MAG to inject audio—visual cues into pre-
trained language models, achieving near-human perfor-
mance on CMU-MOSIL

Recent advances have addressed data scarcity and noisy
modalities. InMu-Net (Zhu et al. 2024) employs an informa-
tion bottleneck and regularizations to filter redundancy and
provide increased robustness. SDIF-DA (Huang et al. 2024)
combines shallow alignment with deep fusion and leverages
ChatGPT to augment data, setting new benchmarks. TCL-
MAP (Zhou et al. 2024) combines modality-aware prompt
learning with token-level contrastive learning to represent
intents in a refined manner. MVCL-DAF (Hu et al. 2025)
further introduced dynamic attention fusion and multiview
contrastive learning, demonstrating strong generalizability
across datasets.

Trustworthy Multimodal Learning

Confidence modeling has emerged as the key to improving
the robustness and interpretability of multimodal learning.
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UNO (Tian et al. 2020) unifies uncertainty modeling via de-
viation ratios and Noisy-Or fusion to achieve robust infer-
ence. MLCLNet (Zheng et al. 2023) was proposed as a three-
level confidence framework for addressing noise suppres-
sion and cross-modal consistency. DPNET (Zou et al. 2023)
systematically models confidence across different modali-
ties, labels, and structures via adaptive weighting and low-
rank tensor methods.

To perform unsupervised fusion, COLD Fusion (Tel-
lamekala et al. 2023) models modality uncertainties with
Gaussian distributions and learns adaptive fusion weights.
TMSON (Xie et al. 2024) extends this process with
Bayesian fusion and an ordinal-aware triplet loss to enforce
ranking consistency and improve the ability to detect mis-
classifications.

Unlike previously developed approaches that rely on ar-
chitectural tweaks or Bayesian inference, our method di-
rectly learns confidence distributions from feature variance,
compresses unreliability via an exponential index, and com-
bines entropy with a learnable focal coefficient. This enables
confidence estimation to be effectively performed without
additional networks or complex inferences, significantly re-
ducing the level of overconfidence.

Method

Previous studies mainly focused on fusion strategies driven
by cross-modal interactions, while often neglecting the vary-
ing reliability of different modalities. Inspired by trustwor-
thy multimodal learning, we propose ECFMIR, as illustrated
in Figure 2. The key idea is that, for each modality, it is
crucial not only to understand what it conveys but also how
much it can be trusted; and for cross-modal relations, to de-
termine not only whether they exist but also whether they
are complementary or conflicting. From an information-
theoretic perspective, ECFMIR estimates the discriminative
power of each modality, achieving more robust and reliable
multimodal fusion.

Method Pipeline

Feature Extraction Given a set of input samples com-
prising a text sequence 7', an audio signal A, and a video
frame sequence V, we first extract context-aware seman-
tic representations X () from text using a pretrained BERT
model (Devlin et al. 2019), high-dimensional acoustic fea-
tures X ) from raw audio via Wav2vec2.0 (Baevski et al.
2020), and frame-level spatiotemporal visual features X (V)
using a Swin-Transformer (Liu et al. 2021):

T BERT X(T) c RLTxdT7 (1)
A Wav2vec2.0 X(A) c RLA ><dA7 (2)
Vv Swin-Transformer X(v) c RLV ><dV. (3)

The respective sequence lengths and feature dimensions
for the three modalities are denoted by Lp, L 4, Ly and
dT} dA7 dV .



You are such

g

Confidence Lens

flllﬁllll
&

a genius
BERT Wav2vec 2.0 Swin Transformer
L
! ! ! ! ! !
f(T) f(A) f(V) T.(T,A) r(T,V) r(A,V)

h.?lll.?.
o (0000

| | | | | | Ad? lw
[®) %) () () a IS | .
S B, B B B B $ N
S i bl e e e ==
™ o " ]1]1(1TA) ﬂﬂ(]T - - —%—::_ =
o 17 5 1T o e e e
3) ) 33 3| 2) | |

1

]
000:-00¢
/\D F [: P P

©00:-000

] ul LT

- PR — |
Ldts Lcls

|
croeeeeee €

Figure 2: Overview of the ECFMIR architecture. Given a multimodal input, modality-specific and cross-modal features are first
constructed. Each feature is then evaluated by a dedicated CLens to estimate its reliability, which guides the confidence-aware

fusion process to perform the final intent recognition step.

The features of each modality are then projected into
a shared d-dimensional semantic space through modality-
specific linear projection matrices W (), W4 W (V) Ap-
plying mean pooling yields the following compact unimodal
representations:

“

where W) ¢ Réxdr WA ¢ RIxda and W) ¢
R¥*4v are the projection matrices. To capture cross-modal
associations, we construct cross-modal associations feature
vectors by concatenating the corresponding unimodal repre-
sentations:

Fom) — Meal’l(W(m)X(m))a me {T,A,V}

plmim;) l:f(mi);f(mj)] 3)

where (m;,m;) ranges modality pairs

{(T7 A)? (T7 V)? (A? V)}

over the

Confidence Perception and Fusion We design the CLens
module (detailed below) to address the two core questions
raised at the outset of this work.

To quantify how much we should trust a modality, we ap-
ply CLens units to both unimodal representations and cross-
modal associations features. Specifically, for each modal-
ity m € {T,A,V} and cross-modal associations features
mi,m;) € {(T,A),(T,V),(A,V)}, the corresponding
confidence scores are computed as follows:

™ = CLens™ (f(™) (6)

clmism;) — CLenS(miﬁmj)(T(mivmj))

(N

These confidence scores explicitly measure the reliability
of each feature, enabling sample-level confidence modula-
tion. Accordingly, the weighted reliable feature representa-
tions for the unimodal and cross-modal features are as fol-
lows:

fm) = elm) . pm) (8)
©))

To maximize the degree of information retention, we con-
catenate all confidence-weighted features to form a fused
representation:

F = Concat({f™}, {#mom)}) e R (10)

Decision Making To encourage the model to learn a more
discriminative feature space, we introduce a top-k distance
loss. Specifically, for each sample contained in the represen-
tation set F', we select the £, most distant positive samples
(i.e., those with the same label) and the k, nearest nega-
tive samples (i.e., those with different labels). The distance-
based loss is defined as shown below:

plmimg) — (mismy) | .(mimy;)

o

B kp k,
Las = 5 SO0 S (U (i f3) — dfin 1)
plivn

i=1 j=11=1
(11)
where B denotes the batch size and d(-, -) is the Euclidean
distance metric.
The final fused representation F' is fed into a multilayer
perceptron (MLP) followed by a Softmax function to pro-
duce the predicted intent distribution:

y = Softmax(MLP(F)) € R® 12)
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where C'is the number of intent categories.
To optimize the classification performance of the model,
we employ the cross-entropy loss:

B
1 .
['cls = _E ;71 IOg Yi,y; (13)

where ¢; ,, is the predicted probability of the i-th sample
belonging to the ground-truth class y;.
The overall training objective combines classification and
distance losses:
L= Lcls + Cdis (14)

Confidence Lens

The CLens module is not designed to extract semantic con-
tent or denoise input features. Instead, its primary objective
is to assess the reliability of any given input feature vector

I

Representation Focusing Given an input feature vector
f € RP, we first encode it using an MLP equipped with
residual connections, projecting f into a latent space to ob-
tain an abstract representation h for reliability estimation
purposes:

h=c¢e(f) e RP 15)

The uncertainty of each latent dimension in A is captured
by a variance vector o2, where each element reflects the
confidence fluctuation associated with the corresponding di-
mension:

o? = Softplus(MLP, (h)) (16)

Here, Softplus activation ensures the nonnegativity of the
estimated variances, enabling a stable and interpretable con-
fidence modeling process.

Geometric Calibration Uncertainty estimation and
confidence modeling are often affected by overconfidence,
with initial variance predictions typically underesti-
mated—especially for challenging samples. Geometric
correction addresses this issue by enabling the model to
identify underestimated uncertainty patterns within the
variance vector. By leveraging a sigmoid gating function,
it adaptively scales the original variance to produce more
reliable uncertainty estimates.

Our correction process does not directly scale o2; instead,
it decomposes the update into two independent components:
a direction and a magnitude. This decoupling strategy af-
fords greater flexibility and finer control. Specifically, the
model first determines an optimal update direction on the
basis of the current latent parameter state. We define an up-
date vector Ag2, which is solely a function of the current
variance o2

Ac? =Pa(c?) a7

Here, P A denotes a linear transformation matrix that is de-
signed to learn the geometric directions of specific bias sig-
nals. However, not all dimensions require uniform adjust-
ments; some of them may already be optimally positioned,
whereas others may demand substantial corrections. To ad-
dress this situation, we introduce a focal scaling factor w2,
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which acts as an independent gating mechanism for each di-
mension of the update vector:

wo2 = ¢(Py(0?)) € (0,1) (18)

Similarly, P,, denotes another linear transformation matrix,
and ¢ represents the sigmoid function. Each element of the
gating vector w2 lies within the interval (0, 1), indicating
its modulation strength rather than its direction. Values close
to 1 permit substantial adjustments, whereas those near O ef-
fectively preserve the original state. This mechanism imparts
essential locality and sparsity characteristics to the refine-
ment process. Finally, we combine the update vector with
the gating signal to produce the corrected variance vector:

~2

62 =02 +wy2 ®Ac? (19)

where ® denotes the elementwise multiplication opera-
tion. To prevent numerical instability, a lower bound con-
straint is applied:

62 « max(6?,€) (20)

where € is a small positive constant.

Utilizing the corrected latent variance 6°, we define a
scalar UI U for the hidden representation h by aggregat-
ing the uncertainty across all latent dimensions and smooth-
ing its effect via a logarithm to prevent extreme values from

dominating:
dz
&7
i=1

Focal Modulation Different samples may exhibit varying
sensitivities to unreliability. For example, a minor uncer-
tainty in a simple sample might be negligible, whereas an
uncertainty in a complex sample with the same magnitude
could signal a potential risk. To address this issue, we pre-
dict a focal coefficient 7" on the basis of the hidden repre-
sentation h, which modulates the influence of the UI. This
coefficient dynamically adjusts itself according to the com-
plexity encoded in h:

2

U = log (1 = 1)

T=1+X¢(W;-¢(W,-h))

Here, ¢ denotes the GELU activation function, 7 is the
lower bound of the focal coefficient, A controls its adjust-
ment range, and W,, W, are learnable projection matri-
ces. This focal coefficient enables the model to dynamically
adapt its sensitivity to unreliability based on the character-
istics of the given samples, thereby achieving more flexible
confidence estimation.

(22)

Derivation of Confidence Scores Ultimately, we trans-
form the unreliability index into a normalized confidence
score using a focal modulation exponential decay function.
This score directly addresses the question of “’to what extent
should we trust this information”:

c=exp(-T-U),

ce(0,1] (23)



MIntRec MIntRec2.0

Methods

ACC (%) WF1 (%) WP (%) WR (%) ACC(%) Fl1(%) P(%) R (%)
MulT 71.46 71.10 71.65 71.46 57.75 51.34 5273 50.83
MAG-BERT 69.89 69.26 70.09 69.89 55.98 50.29 5149 50.16
MISA 71.46 72.06 73.26 71.46 56.76 51.76  52.54 51.58
MVCL-DAF 71.01 71.02 71.74 71.01 56.47 50.96 51.57 50.94
SDIF 71.46 71.43 71.66 71.46 57.65 52.16 53.70 52.29
TCL-MAP 72.36 72.21 73.11 72.36 45.11 44.69 4570 45.11
ECFMIR 74.38 74.51 75.05 74.38 58.58 53.39 5422 54.39

Table 1: Performance comparison among different methods on the MIntRec and MIntRec2.0 datasets.

This formulation integrates the unreliability index with a
sample-specific focal parameter. When the unreliability in-
dex is high, the confidence score ¢ correspondingly de-
creases, prompting the model to adopt a cautious stance to-
ward highly uncertain samples and thus avoiding overconfi-
dence.

Experiments
Datasets and Metrics

We evaluate our method on two challenging intent recogni-
tion datasets. MIntRec (Zhang et al. 2022) contains 2,224
samples with 20 intent labels across text, visual, and acous-
tic modalities. MIntRec2.0 (Zhang et al. 2024a), a large-
scale benchmark for multimodal intent recognition, includes
1,245 dialogues and 15,040 samples integrating text, video,
and audio. It further incorporates naturally occurring out-of-
context samples, offering a more rigorous evaluation.

To comprehensively evaluate model performance, we
adopt ACC, WFI1, WP, and WR on MIntRec, where
weighted metrics mitigate class imbalance, and ACC, F1,
P, and R on MIntRec2.0.

Experimental Settings

Our model employs a learning rate of 2.5 x 10~°. The hy-
perparameters are set as 7 = 0.6 and A = 2. For a fair com-
parison, all methods utilize bert-base-uncased (Devlin et al.
2019) and wav2vec2-base-960h (Baevski et al. 2020) to ex-
tract textual and audio features, respectively, whereas the
Swin-Transformer (Liu et al. 2021) is used for visual feature
extraction. Optimization is performed using the AdamW op-
timizer (Loshchilov and Hutter 2017). The training batch
size is set to 16, with the validation and testing batch sizes
fixed to 8. All the experiments are conducted on an NVIDIA
GeForce RTX 4090 GPU.

Baselines

In our experiments, we compare our method with six state-
of-the-art baselines: (1) MulT (Bhattacharjee et al. 2022),
which was developed for handling unaligned multimodal se-
quences via cross-modal attention; (2) MAG-BERT (Rah-
man et al. 2020), which integrates an MAG into BERT
without modifying its backbone; (3) MISA (Hazarika, Zim-
mermann, and Poria 2020), which jointly learns modality-
invariant and modality-specific subspaces to balance shared
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and unique features; (4) TCL-MAP (Zhou et al. 2024),
which enhances textual features via modality-aware prompt-
ing and cross-modal alignment; (5) SDIF (Huang et al.
2024), which employs a shallow-to-deep interaction strat-
egy for achieving progressive modality integration; and (6)
MVCL-DAF (Hu et al. 2025), which uses dynamic attention
fusion and contrastive learning to adaptively weight modal
features.

Main Results

The experimental results are summarized in Table 1, where
the best scores obtained in terms of each metric are high-
lighted in bold. Our method outperforms all existing state-
of-the-art approaches across all the evaluation metrics. On
the MIntRec dataset, our approach achieves an ACC of
74.38%, a WF1 of 74.51%, a WP of 75.05%, and a WR
of 74.38%, surpassing the metrics of the baseline models by
2.02%, 2.3%, 1.79%, and 2.02%, respectively. Despite the
MIintRec 2.0 dataset containing up to 38.28% out-of-context
samples with unknown labels, our method still demonstrates
substantial improvements on this dataset, attaining 58.58%
ACC, 53.39% F1, 54.22% P, and 54.39% R. These results
represent gains of 0.83%, 1.23%, 0.52%, and 2.1% over the
strongest baselines, respectively.

Ablation Experiments

Table 2 shows the ablation results obtained with respect
to the key components of ECFMIR. Six configurations are
evaluated to assess the contribution of each module.

In (a), the unimodal confidence weights are removed; in
(b), the pairwise weights are excluded. Both variants lead to
clear performance drops, especially on MIntRec2.0 (the F1
values decrease to 50.24% and 50.50%), highlighting the ne-
cessity of jointly modeling unimodal and cross-modal con-
fidence.

Configurations (c) and (d) test two CLens strategies. Re-
moving the focal adjustment scheme in (c) impairs the re-
sulting performance (F1 | 51.38%, R | 51.07%), showing
its effectiveness in terms of handling overconfident or un-
certain regions. Similarly, removing the geometric focusing
approach in (d) degrades the results, confirming its role in
capturing variance-aware reliability.

In (e), excluding the top-k distance loss slightly reduces
the resulting accuracy, indicating its utility for producing a
better structure and achieving superior generalization.



Setting MIntRec MlntRec2.0

ACC (%) WF1 (%) WP (%) WR (%) ACC (%) Fl1 (%) P(%) R (%)
(a) Only Intermodal Confidence 70.34 70.69 72.98 70.34 55.68 50.24 51.62 4991
(b) Only Unimodal Confidence 71.91 72.12 73.03 7191 56.81 50.5 51.9 50.1
(c) w/o Focal Modulation 71.91 72.14 73.18 71.91 57.11 51.38 5271 51.07
(d) w/o Geometric Calibration 72.36 72.73 73.83 72.36 58.19 52.57 5376  51.99
(e) w/o top-k distance Loss Lg;s 73.03 72.83 73.11 73.03 57.3 50.86 51.92 50.87
(f) ECFMIR 74.38 74.51 75.05 74.38 58.58 53.39 5422 54.39

Table 2: Performance comparison results obtained under different settings on the MIntRec and MIntRec2.0 datasets.

The full model (f) outperforms all the variants, validating
the robustness and effectiveness of our method.

— text— audio— video— ta— tv— av — text— audio— video— ta— tv— av
m—TX
12 3 45 6 7 8 91 1 2 3 4 5 6 7 8 9 10
(a) (b)
— text— audio— video— ta— tv—av 0
70 \\ — SDIF
— = €0 MISA
50
MulT
40
MAG-BERT
30 \\
\\ 0 \ MVCL-DAF
T — TCL-MAP
0 — ECFMIR
1 2 3 4 5 6 7 8 9 10 1 3 5 7 9
(c) (d)

Figure 3: Confidence behavior exhibited under the injection
of modality-specific noise on the MintRec dataset: (a) noise
added to text, (b) audio, and (c) video features; (d) the per-
formance achieved by the model under the injection of text
noise, demonstrating its robustness in low-resource condi-
tions.

Confidence Calibration Experiment

To evaluate the quality of the confidence estimates produced
by our model, we employ three widely used calibration er-
ror metrics: the expected calibration error (ECE), average
calibration error (ACE), and confidence error (OE). These
metrics quantify the discrepancy between the predicted con-
fidence and the actual accuracy, where lower values indicate
better calibration effects and more reliable confidence es-
timates. As shown in Table 4, ECFMIR outperforms all the
compared methods across these metrics, achieving a 15.99%
ECE, a 15.82% ACE, and a 20.92% OE-the lowest values
overall-demonstrating its superior confidence prediction ac-
curacy and its ability to effectively mitigate overconfidence.
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Noise Analysis

To assess the ability of our model to estimate the reliabil-
ity of different modalities, we conduct noise injection ex-
periments on the MintRec dataset. Gaussian noise with zero
mean and variance U is added to each modality. For text,
an additional variance of 10 is used to amplify the perturba-
tion effect because of the typically higher density and sta-
bility of this modality. Figures 3(a)—(c) show that increas-
ing the noise reduces the confidence in the affected modal-
ity, prompting the model to shift its focus to more reliable
sources and leverage cross-modal cues. Figure 3(d) illus-
trates the robustness exhibited by the model under heavy
text noise, highlighting its capacity to adaptively prioritize
trustworthy modalities in noisy or low-resource settings.

Modal Conflict Analysis

To evaluate the performance of the model on intent cate-
gories with modality conflicts, we compute the cosine simi-
larity between the fused prediction and each unimodal pre-
diction for every sample in the training set and then aggre-
gate these similarities by category to obtain an average con-
flict score per class. All categories are subsequently ranked
by their conflict scores, and the ten categories with the high-
est conflict scores are selected as the high-conflict group.

We compare the F1 scores produced by ECFMIR and
the baseline methods on these high-conflict intent cate-
gories within the MintRec2.0 dataset. As presented in Ta-
ble 3, the best results obtained for each category are high-
lighted in bold, whereas the second-best results are under-
lined. Overall, our approach consistently ranks within the
top two across all ten high-conflict categories, achieving
eight first-place scores and two second-place scores. This
superiority stems from the fine-grained confidence weight-
ing scheme employed by our model for unimodal features
and the effective integration of cross-modal information,
enabling conflicting samples to be more accurately disam-
biguated. These results demonstrate that ECFMIR signifi-
cantly improves the recognition robustness of multimodal
fusion for high-conflict samples.

cross-modal associations Analysis

To conduct an in-depth analysis of the confidence behav-
ior exhibited by our model under different modality com-
binations, we plot the confidence discrepancy density maps



Methods Doubt Inform Taunt Emphasize Care  Ask for opinions Ask forhelp Praise Plan  Prevent
MulT 62.00 5376 16.16 8.7 53.49 55.45 57.14 76.44 475 70.18
MAG-BERT 58.54  48.67 2243 9.3 48.42 53.76 63.16 7273 48.48 53.57
MISA 5845 52.04 21.31 7.69 54.32 52.00 63.01 7442 6341  66.67
SDIF 60.00 55.65  22.61 34.48 56.31 59.34 60.00 7234 58.74 63.01
TCL-MAP 4148  47.00 18.80 5.71 23.88 52.54 52.5 50.70 5333  47.76
MVCL-DAF  61.13 54.01 15.56 8.89 53.76 50.00 58.82 73.59 5542 65.57
ECFMIR 63.28 56.63 43.33 65.26 56.00 64.81 68.35 80.36 59.34 74.19
Table 3: Performance achieved by different methods on various intent categories.
Methods ECE (%) ACE (%) OE (%) Complexity Comparison
MAG-BERT 18.24 18.26 24.14 We evaluate the complexity of ECFMIR by analyzing its
MISA 16.20 15.56 30.72 number of parameters, its training and testing times per
MulT 18.19 18.63 21.39 batch, and its GPU memory consumption. As summarized
TCL-MAP 17.61 18.01 22.19 in Table 5, we compare ECFMIR with other methods on
g/ID\;I(:JL-DAF izgg izgg %2%2 the MintRec dataset. The results demonstrate that ECFMIR
ECEMIR 15.99 15.82 20.92 achieves competitive performance with a moderate param-

Table 4: Comparison among the calibration error metrics
produced by different methods.

produced for three bimodal pairs (TA, TV, and AV), as il-
lustrated in Figure 4. In each subplot, the horizontal axis
represents the confidence difference between the two uni-
modal features—quantifying modality inconsistency—while
the vertical axis denotes the confidence score of the com-
bined modality. The color intensity reflects the sample den-
sity distribution. Notably, the TA pair exhibits significantly
higher confidence when the modality difference is small, in-
dicating a strong synergistic enhancement effect. The den-
sity of the TV pair is concentrated near zero, suggesting a
high degree of agreement between these modalities. Con-
versely, the AV pair generally has lower confidence scores
and heightened sensitivity to modality discrepancies, re-
flecting a more conservative stance in conflicting scenarios.
Overall, the model demonstrates stronger confidence under
high levels of modality consistency and appropriately atten-
uates its confidence when conflicts arise, showcasing robust
and nuanced uncertainty modeling capabilities.

0451
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Figure 4: Density plots of the confidence discrepancies pro-
duced for different modality pairs (TA, TV, and AV) on the
MintRec dataset. The x-axis shows the confidence differ-
ences among the unimodal features, reflecting modality in-
consistency; the y-axis represents the cross-modal associa-
tions confidence score.
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eter count, a minimal inference time of 9.97 ms per batch,
and reduced GPU memory usage.

Method Parameters  Inference time Memory

MAG-BERT 11251 M 10.00 ms 2609.78 MB
MulT 136.15M 60.00 ms 8664.74 MB
MISA 139.96 M 13.00 ms 3219.90 MB
SDIF 140.63 M 11.46 ms 3336.87 MB
TCL-MAP 27051 M 17.94 ms 6215.70 MB
MVCL-DAF  241.55M 16.94 ms 5746.02 MB
ECFMIR 151.65M 9.97 ms 3414.35 MB

Table 5: Complexity comparison among different methods.

Conclusion

To address the challenge of reliability modeling in mul-
timodal intent recognition, we propose ECFMIR. This
method quantifies the reliability of different modalities and
their interrelations through a unified confidence lens, effec-
tively mitigating uncertainty and reducing the risk of erro-
neous predictions for conflicting samples. Evaluations on
the MIntRec and MIntRec2.0 benchmarks demonstrate that
our method outperforms state-of-the-art techniques. Abla-
tion studies confirm the effectiveness of the model’s key
components. Further analysis reveals that when significant
modality conflicts arise or quality is poor, the model dy-
namically focuses on more reliable sources. This showcases
strong selection capabilities and robustness, particularly in
low-resource settings.
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