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Abstract. Multimodal learning robust to missing modalities is essen-
tial for real-world applications. Existing methods mainly focus on inter-
modality missing, where entire modalities are absent, while overlooking
intra-modality degradation, where modalities are present but severely
corrupted. In practice, these two types of missing often coexist, mak-
ing existing approaches ineffective. To address this limitation, we pro-
pose General Incomplete Multimodal Learning (GIML), a unified frame-
work that simultaneously handles both inter-modality missing and intra-
modality degradation through dynamic quality perception. Specifically,
GIML models heterogeneous missing patterns as continuous modality in-
formation degradation, enabling degradation-aware adaptive fusion. To
achieve reliable quality perception, we introduce a Noise-aware Quality
Estimator that learns the mapping from corrupted features to noise in-
tensity through controlled noise injection. Furthermore, we propose a
Noise-Semantic Decoupled module that separates semantic information
from noise interference. This improves robustness and generalization to
unseen corruption patterns. Extensive experiments across datasets with
diverse modality types demonstrate the effectiveness and generality of
GIML. Code is available at: https://github.com/Yu-Five/GIML.

Keywords: Multimodal learning - Dynamic quality perception - Modal-
ity missing

1 Introduction

Multimodal learning has achieved strong performance across many vision tasks |23,
37./44]. However, most existing methods assume that all modalities are available
during training and inference. This assumption often fails in practice due to de-
vice limitations [26}31] or challenging operating conditions [22}[35]. Such incom-
pleteness can significantly harm model performance and robustness, motivating
the study of incomplete multimodal learning.

Existing approaches generally fall into two categories: imputation-based and
joint representation-based methods. Imputation-based methods reconstruct miss-
ing modalities from available ones at the input [3,|19}26] or representation
level [21{7)/171341/36,/39L/56./57]. While this type of method is straightforward, their

* Corresponding author.


https://github.com/Yu-Five/GIML

2 X. Meng and S. Wei

performance heavily depends on reconstruction quality and errors can propagate
to downstream tasks. Thus, joint representation-based methods instead learn
unified embeddings from different modality combinations without explicit recon-
struction. They capture the shared feature for all possible input modality com-
binations to address the incomplete multimodal learning issue [8}14L41}46}/55].

Despite the success of existing methods, most focus on inter-modality miss-
ing, where entire modalities are absent. In practice, however, modality incom-
pleteness also occurs within modalities, where inputs are present but corrupted
by noise. Recent works such as T2DR [24] and TMDC |[58| attempt to address
this issue, but they treat intra-modality corruption and inter-modality missing
as two separate problems and handle them sequentially. This could encounter
the optimization conflicts across stages, resulting in sub-optimal performance.
Moreover, they are typically designed for specific intra-modal corruption, such as
Gaussian degradation. This limits their robustness to unseen missing patterns.

To address these limitations, we propose General Incomplete Multimodal
Learning (GIML), a unified framework that simultaneously handles intra-modality
corruption and inter-modality missing through dynamic quality perception. Specif-
ically, GIML models heterogeneous missing patterns as continuous modality
degradation and estimates modality quality to guide adaptive fusion. As degra-
dation increases from mild corruption to complete absence, the modality weight
smoothly decays from 1 to 0, naturally recovering the conventional missing-
modality setting. Besides, we propose a Noise-Semantic Decoupled module that
separates semantic information from noise interference. This design encourages
learning noise-invariant semantic representations, improving robustness to di-
verse and previously unseen corruption patterns while facilitating more reliable
degradation estimation.

Accurate quality estimation under severe noise remains challenging. Existing
approaches, such as energy score [27] and probabilistic embedding [33], often pro-
duce unreliable estimates, assigning non-negligible weights to heavily corrupted
modalities. To address this issue, we introduce a Noise-aware Quality Estimator
(NQE) that learns a direct mapping from corrupted features to noise intensity
via controlled noise injection, enabling reliable quality estimation across the full
degradation spectrum.

Overall, our contributions can be summarized as follows:

— We propose a general incomplete multimodal learning framework (GIML)
that unifies intra-modality and inter-modality missing through dynamic qual-
ity perception, enabling their joint optimization within a single stage.

— We propose a Noise-Semantic Decoupled module that explicitly disentangles
semantic-related information from noise-related components, guiding task
optimization to rely on noise-invariant semantic representations. This im-
proves the robustness of GIML to unseen noise corruption.

— We propose a noise-aware quality estimator that adds controlled noise to the
modality data and predicts its intensity from the modality feature, allowing
accurate uncertainty measures under various noise conditions.
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— Extensive experiments on multiple datasets demonstrate the effectiveness of
the proposed GIML to handle the intra-modality and inter-modality missing
simultaneously.

2 Related Work

2.1 Incomplete multimodal learning

Multimodal learning leverages diverse information to improve performance in
many tasks, but real-world data is often incomplete, which can degrade models.
Existing approaches fall into two categories.

Imputation-based methods aim to recover missing modalities form avail-
able ones. Early works [3},[19}/26] reconstruct missing data in the input space,
which is challenging due to data complexity. To mitigate this issue, later works
reconstruct missing modality features in the latent space |2L|7}/17.{45]/56], or es-
timate missing modality features by exploiting cross-modal correlations among
available modalities |34L36,139,/57]. Although effective, imputation-based meth-
ods remain sensitive to reconstruction accuracy, and errors may propagate to
downstream tasks.

Joint representation-based methods aim to learn robust representa-
tions from available modalities without explicit reconstruction. Many enforce
modality-invariant embeddings through shared subspaces and modality dropout
[84/14,/461/55], which improves robustness but may reduce modality-specific cues.
Others exploit complementary information via cross-modal attention [324[53}/59]
or dynamic weighting |21,49|. However, multimodal representation learning itself
inherently suffers from modality imbalance |6l30./401/42,/43] due to factors such as
disparities in information richness, optimization dynamics. When missing rates
across modalities are unequal, this intrinsic imbalance is further amplified as the
disparities between modalities widen.

Recent efforts have been made to handle both intra-modality and inter-
modality incompleteness. T2DR [24] and TMDC |[58| adopt two-stage pipelines:
first mitigating intra-modality degradation, then addressing inter-modality miss-
ing. These approaches, however, fail to handle simultaneous intra-modality and
inter-modality missing and rely on representations entangled with noise, which
limits generalization to unseen corruption.

2.2 Dynamic Multimodal Fusion

Multimodal dynamic fusion adaptively weights modalities within a joint repre-
sentation to integrate multi-source information. Existing work mainly differs in
how fusion weights are estimated.

Saliency-Based Methods. These methods compute fusion weights from
unimodal salience or cross-modal interactions, implemented via linear projec-
tions [47/48], attention mechanisms [20},28|, or structured routing such as Mixture-
of-Experts (MoE) [4}/12,/16,18,21]. Because salience typically correlates with
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Fig. 1: Overall framework of the proposed GIML. It consists of two components: a
Noise-Semantic Decoupled (NSD) module and a Noise-aware Quality Estimator (NQE).
NSD disentangles semantic information from noise-related components to enhance ro-
bustness under diverse and unseen corruption patterns, then NQE estimates modality
quality to guide adaptive fusion. Additionally, "//" denotes gradient detach operations.

information strength, adaptive weighting tends to favor dominant modalities,
causing the fused representation to underutilize complementary but less expres-
sive cues.

Uncertainty-Based Methods. These approaches regulate modality contri-
butions through uncertainty estimation, broadly categorized as sampling-based
and representation-based methods. Sampling-based approaches, such as Monte
Carlo Dropout [10,/52], approximate epistemic uncertainty via multiple stochas-
tic forward passes but incur additional computation. Representation-based ap-
proaches model modality features as probability distributions, where disper-
sion reflects uncertainty. Variational methods [13}/50] learn distribution param-
eters and sample features through reparameterization, while probabilistic em-
beddings [25,33./38] directly parameterize modality embeddings as distributions.
Without ground-truth uncertainty supervision, these methods rely on indirect
proxies such as output variance or auxiliary losses, which may not faithfully
reflect prediction reliability.

3 Method

In this work, we propose GIML, a general quality-aware framework for incom-
plete multimodal learning. It unifies intra-modality and inter-modality miss-
ing as continuous modality quality degradation. As illustrated in Fig. |1} GIML
consists of two components: a Noise-Semantic Decoupled (NSD) module and a
Noise-aware Quality Estimator (NQE). NSD disentangles semantic information
from noise-related components at the representation level, preventing noisy fea-
tures from contaminating task-relevant semantics. This decoupling encourages
the model to rely on noise-invariant representations, thereby improving robust-
ness under varying and previously unseen corruption patterns. Meanwhile, NQE
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formulates modality uncertainty as data degradation and calibrates it via con-
trolled noise injection to learn reliable quality estimates. The estimated qual-
ity then modulates fusion weights, ensuring that modality contributions decay
smoothly with increasing degradation.

Notations. The main notations used in this work are defined as follows. Let
D = {(Xi,9:)}Y, be a multimodal dataset containing N samples, where each
(0%

~(1 -
sample X; = (z; /,...,%;

)) consists of V modality inputs and y; € {1,..., M}
is its label. The v-th modality encoder is represented by fe(v). The noise injection
function f, applies degradation with intensity n such as Gaussian noise, mask
noise, or saltpepper noise to clean modality inputs. The degradation estimator
(v) . . . . .
+ ~ converts uncertainty into a comparable score for fusion weighting, and f;

computes the final fused multimodal representation.

3.1 General Incomplete Multimodal Learning

We first introduce the conventional incomplete multimodal learning, which pri-
marily focuses on inter-modality missing, where certain modalities are entirely
absent. Then, we extend it to a more general scenario, where modalities could
be partially missing.

Specifically, the multimodal embedding z7 of X; in conventional incomplete
multimodal learning can be expressed as follows,

K2

5T — ff(Hf,z}(” x5, 5 x5,y (1)
Zi(v) _ fe(v)(eev7fiv)v vE [17 V] (2)

where 7;(*) is the embedding of the vy, modality. 0 is the parameter for the
fusion module. 6. is the parameters for the vy, modality encoder. §;° € {0,1}
is the Bernoulli indicator for the vy, modality of x;. It is randomly set to either
0 or 1 to simulate random modality missing. This makes the model robust for
inter-modality missing during inference.

However, in real-world applications, modality inputs are more likely to suffer
varying degrees of quality degradation than to be absent, such as impulse-noise
contamination or Gaussian blurring. As a result, modality incompleteness often
appears in a continuous manner, which cannot be adequately characterized by
a binary indicator. To simulate such scenarios, we introduce a noise injection

(

i

2t = fo(3, "), (3)
(v)

Here, n; "’ is a relative calibration signal that controls degradation severity,
rather than a physical noise label. f,, produces various types of corruption based
on ngv), with larger values indicating heavier degradation, thus spanning from
clean to complete absence.

To this end, we extend the conventional binary indicator §;” € {0,1} to a
(v)

)

function f,, that applies degradation with intensity n “) to clean modality inputs:

continuous coefficient w; ’ € [0,1] that reflects modality quality. Accordingly,
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the multimodal embedding of x; in general incomplete multimodal learning is
formulated as,

2] = ff(Hf,zi(l) *wi(l),...,zi(v) *wi(v)) (4)
%@ = 0.0, 2"y, vel,V] (5)

(v)

Here, w; ’ = 1 indicates a fully reliable modality, while wgv) = 0 corresponds

to a completely missing modality. Values wl@) € (0,1) represent partially de-
graded modalities, where smaller values indicate more severe corruption. In this
way, modality degradation can be modeled as a continuous transition from slight
corruption to complete absence, enabling a unified formulation of intra-modality
degradation and inter-modality missing.

Although GIML enables a unified treatment of modality degradation, it also
changes the inference paradigm. Instead of simply checking modality availability,
GIML must estimate modality reliability and assign adaptive fusion weights.
This introduces two key challenges. First, the model must learn noise-robust
representations that generalize across diverse and unseen corruption patterns.
Second, it must accurately quantify modality uncertainty and translate it into
the weighting coeflicient w for each modality. To address these challenges, we first
introduce the Noise-Semantic Decoupled (NSD) module to enhance robustness to
diverse noise interference, and then propose the Noise-aware Quality Estimator
(NQE) to accurately estimate modality quality for adaptive fusion.

3.2 Noise-Semantic Decoupling

As discussed above, GIML needs to generalize across diverse and unseen cor-
ruption patterns. However, most existing incomplete multimodal learning meth-
ods rely on deterministic embeddings, which implicitly entangle task-relevant
semantics with degradation patterns. As a result, the learned representation
tends to capture corruption-specific characteristics, leading to overfitting and
poor generalization to unseen noise conditions. To address this issue, we pro-
pose a Noise-Semantic Decoupled (NSD) representation that models modality
features as probabilistic distributions rather than deterministic vectors. This de-
sign enables an explicit separation between task-relevant semantic information
and degradation-induced uncertainty, preventing semantic representations from
being contaminated by noise patterns.

For simplicity, we define the probabilistic embedding obeys a multivariate
(v)

Gaussian distribution. Specifically, given the modality embedding 2; ', we pa-
rameterize a Gaussian distribution:
p? = 10T, dogal! = 10 (A7), (6)

where the mean ("
(v)

%

encodes task-relevant semantic information, while the

variance o; ’ represents degradation-induced uncertainty.
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Now, the representation of each sample becomes a stochastic embedding sam-
pled from N (y; () ) ( 1@))21). Nevertheless, the sampling operation is not differen-
tiable. Thus, we consider the reparameterization trick [46] to enable backpropa-
gation:

s =4 46 o e~ N(O,T). (7)

Moreover, to explicitly enforce the separation between semantics and degra-
dation, we introduce two complementary constraints. First, a cross-entropy clas-

(v)

sification loss L ) is applied to the sampled representation s; ’, encouraging the

mean ug ) to preserve discriminative semantic information even under stochastic
perturbations. Second, we introduce a degradation-aware prior:

ZKL[ (1" (o)1) | N (0, (r”)D)|. (8)

This prior aligns the predicted variance O’,EU)

nz(”), preventing degradation-related variations from being absorbed into the se-
mantic mean. The prior mean is set to zero to avoid imposing additional semantic
bias on p. Consequently, semantic information and degradation uncertainty are
captured in different statistical dimensions, allowing the model to learn noise-
invariant semantic representations and improving robustness to diverse and un-
seen noise conditions.

with the degradation intensity

3.3 Noise-aware Quality Estimator

The proposed NSD module improves robustness to diverse noise patterns by de-
coupling semantic information from noise interference. However, effective fusion
also requires accurately estimating the severity of modality degradation to assign
appropriate weights. However, existing approaches typically measure modality
reliability using unsupervised statistics derived from model predictions [27] or
feature distributions [33|, which often become misaligned with the true degra-
dation level when noise is either too weak or too severe. To address this limita-
tion, we propose a lightweight Noise-aware Quality Estimator (NQE) ft(”), which
learns to predict the intrinsic noise intensity of each modality through controlled
perturbations, enabling accurate and reliable quality estimation across the full
degradation spectrum.

Specifically, NQE establishes an explicit mapping from the uncertainty Ugv)
produced by NSD to the degradation intensity:

i = £ (o). 9)

Unlike prior methods that rely on implicit reliability inference, NQE is trained

with direct supervision using the ground-truth degradation intensity 771@)5

£v)

W= Z( IR (10)
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The calibrated degradation estimates f]gv) are then used to guide quality-
aware fusion. Following the inverse-variance principle established in ARL [43],
we compute adaptive modality weights as

A(u)y2

Wi T Vo ~(k)\o

2 k=1(7; )
Since the degradation scores are explicitly calibrated to the true corrup-
tion levels, modalities with higher estimated degradation are adaptively down-
weighted, while more reliable modalities contribute more to the fused represen-
tation. This explicit calibration facilitates stable fallback to missing-modality

modeling.
Finally, the overall training objective of GIML integrates all loss terms:

; (11)

\4
E = ‘Cgls + 51 Z Egll? + 52£reg + 53‘Cmse- (12)

k=1

Here, £/, denotes the multimodal task loss computed on the fused representa-
9 cls p p

tion, and LEZ) represents the unimodal classification loss for the k-th modality.
Lcq is the regularization term introduced in the NSD module, while £, su-
pervises the noise intensity prediction in the noise-aware quality estimator.

4 Experiment

4.1 Datasets

CREMA-D [5] is an audio-visual dataset for emotion recognition, containing
7,442 video clips labeled with six basic emotions. The dataset is split into 6,698
training samples and 744 testing samples.

Kinetics-Sounds (KS) |1] is a subset of the Kinetics dataset focusing on human
actions observable both visually and aurally. It consists of 19,000 ten-second
video clips spanning 34 action categories, with 15,000 clips for training, 1,900
for validation, and 1,900 for testing.

MVSA-Single [29] is a multimodal sentiment analysis dataset of social media
posts, containing paired images and text. Each sample is labeled with a positive,
negative, or neutral sentiment. In this work, we follow the train/validation/test
split defined in [54] to evaluate cross-modal sentiment recognition.

MOSTI [51] is a benchmark dataset for multimodal sentiment analysis, containing
audio, visual, and textual modalities. It includes 2,199 video clips extracted from
93 monologue videos, each annotated with a sentiment score ranging from -3
(strongly negative) to 3 (strongly positive). For evaluation, we adopt a binary
sentiment setting, considering only positive versus negative labels, to test the
model’s ability to handle multimodal information in real-world scenarios.
NVGesture [11] is a large-scale hand gesture dataset with 25 gesture classes
performed by 20 participants under varying lighting and background conditions.
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Table 1: Performance comparison on CREMA-D and KS under varying intra-modality
degradation ratios and inter-modality missing settings. ‘Intra ratio (rq,7,)’ indicates
Mask-based intra-modality missing in each modality, and ‘inter’ specifies which modal-
ities are available during testing. The best results are highlighted in bold.

Dataset intra ratio inter TMDC T2DR GIML

(ras rv) Acc F1 Acc F1 Acc F1
(0.0,0.0) 66.99 67.03 67.93 67.82 73.94 74.08
(0.5,0.5) 61.69 61.64 62.69 62.67 67.80 67.78
A (0.1,0.5) AV 61.85 61.85 63.82 63.90 68.18 68.13
A (0.5,0.1) 66.37 66.28 67.45 67.37 72.64 72.64
< (0.3,0.7) 57.23 57.35 59.89 60.04 62.93 62.80
5 (0.7,0.3) 65.35 65.31 65.16 65.19 67.34 67.37
g (0.0,-) A 52.66 52.69 53.92 54.15 55.57 55.13
(0.5,-) 48.60 48.40 50.38 50.34 50.24 50.07
(-,0.0) v 46.80 44.54 48.95 48.96 60.38 60.21
(-,0.5) 41.68 41.28 42.63 40.95 55.30 54.72
(0.0,0.0) 60.40 60.54 62.73 62.39 69.51 69.22
(0.5,0.5) 58.08 57.90 60.31 60.11 63.54 63.06
(0.1,0.5) AV 57.67 57.49 59.62 59.38 65.20 64.74
(0.5,0.1) 60.55 60.44 62.70 62.32 66.76 66.40
0 (0.3,0.7) 56.75 56.68 59.03 58.79 61.68 61.26
X (0.7,0.3) 58.97 58.78 60.72 60.24 63.47 63.15
(0.0,-) A 38.67 38.25 41.21 41.21 45.13 44.66
(0.5,-) 37.24 36.74 36.88 36.95 41.27 40.82
(-,0.0) v 46.43 44.63 44.90 43.25 55.80 55.22
(-,0.5) 43.04 41.77 40.85 39.80 50.67 50.17

The dataset contains multiple modalities captured by a Kinect sensor. In our
experiments, we follow the official train/validation/test split and use the RGB
and Depth modalities for multimodal learning.

4.2 Experimental settings

Dataset preprocessing. For CREMA-D, a single frame is randomly sampled
per video, and audio is loaded at 22,050 Hz. KS uses three frames per video,
with audio at 16,000 Hz. MOSI samples five frames uniformly per video, and
NVGesture samples 24 frames uniformly from both RGB and Depth streams.
All visual frames are resized to 224x224. For visual and audio modalities, we
adopt ResNet [15] as the backbone, and for text we use BERT [9] with the first
six layers frozen. Training data contains 50% clean samples and 50% samples
with random mask rate ranging from 0.0 to 1.0 at intervals of 0.1, simulating
diverse real-world inputs.

Missingness setting. In our experiments, we introduce two types of missing-
ness: Mask and Gaussian. Mask sets a proportion of pixels to zero. In extreme
cases, this results in a fully black image, simulating complete visual or audio
dropout. All performance comparison experiments are conducted with mask
noise. Besides, we also introduce Gaussian noise as the unseen noise to study
the generalization ability of GIML.
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Table 2: MVSA-Single performance under different intra-modality and inter-modality
missing settings. The best results are highlighted in bold.

intra ratio . TMDC T2DR GIML
(Tt, Tu) inter Acc F1 Acc F1 Acc F1
(0.0, 0.0) 77.54 76.51 76.56 75.65 77.73 77.36
(0.5, 0.5) 68.28 67.51 69.57 69.17 71.37 70.29
(0.1, 0.5) VT 76.17 75.46 75.39 74.67 76.68 76.00
(0.5, 0.1) 68.52 67.24 69.30 67.94 70.98 70.04
(0.3, 0.7) 73.09 72.37 72.93 72.42 73.28 72.28
(0.7, 0.3) 63.12 61.57 63.09 61.96 66.02 64.71
(0.0, -) T 77.73 76.63 75.20 74.04 78.48 78.21
(0.5, -) 69.53 68.55 69.22 68.20 70.47 69.58
(-, 0.0) v 49.41 38.84 50.78 45.81 51.17 42.60
(-, 0.5) 48.87 40.25 50.94 37.66 50.78 48.50

Table 3: Performance on NVGesture under different intra-modality and inter-modality
settings. Best results are highlighted in bold.

intra ratio . TMDC T2DR GIML
(Trgb, Tdepth) inter Acc F1 Acc F1 Acc F1
(0.0, 0.0) 48.13 49.03 46.43 47.48 56.22 55.79
(0.5, 0.5) 47.84 48.56 46.60 47.71 52.99 54.26
(0.1, 0.5) RD 47.76 48.73 46.76 47.53 56.51 57.37
(0.5, 0.1) 48.34 49.33 47.68 48.69 55.39 55.98
(0.3, 0.7) 48.30 49.41 46.10 47.13 53.94 55.47
(0.7, 0.3) 48.09 49.14 47.10 47.98 53.78 54.53
(0.0, -) R 40.21 40.43 38.22 38.68 52.49 52.52
(0.5, -) ) 39.63 39.88 38.67 38.97 44.27 45.35
(-, 0.0) D 38.42 35.64 36.97 34.28 51.16 51.78
(-, 0.5) 38.42 35.55 38.76 35.73 51.12 52.01

Training. All models are trained using Stochastic Gradient Descent (SGD) with
a momentum of 0.9 and a weight decay of 1e-4, with an initial learning rate of le-
3. Batch sizes are set to 64 for CREMA-D and KS, and 32 for the other datasets.
During training, model selection is performed based on the average validation
accuracy on both clean samples and those with median noise intensity. Accuracy
and weighted F1l-score are used as the primary evaluation metrics, denoted as
Acc (%) and F1 (%) in the tables, respectively.

4.3 Comparison with State-of-the-art Methods

Table [1| reports results on CREMA-D and Kinetics-Sounds under varying intra-
modality and inter-modality missing. Across the full degradation spectrum, from
fully available modalities to completely missing ones, GIML consistently outper-
forms TMDC [58] and T2DR [24]. On CREMA-D with fully available modalities
(0.0,0.0), GIML achieves 73.94% accuracy compared to 66.99% for TMDC and
67.93% for T2DR. Even under severe intra-modality missing (0.3,0.7), it main-
tains a clear advantage. A similar trend is observed on Kinetics-Sounds, where
GIML consistently achieves the best performance across all settings.
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Table 4: CMU-MOSI performance under various intra- and inter-modality degradation
settings. Best results are highlighted in bold.

intra ratio . TMDC T2DR GIML
(Ta.7 Tv, Tt) inter Acc F1 Acc F1 Acc F1
(0.0, 0.0, 0.0) 79.07 79.02 71.34 71.34 80.82 80.76
(0.1, 0.3, 0.5) AVT 65.36 65.46 62.54 62.62 67.55 67.55
(0.5, 0.3, 0.1) 76.97 77.01 70.82 70.89 77.67 77.60
(0.0, 0.0, —) 53.10 53.22 51.88 51.99 54.29 54.05
(0.1, 0.5, -) AV 51.04 51.15 54.55 54.63 52.83 50.61
(0.5, 0.1, -) 49.01 46.65 47.93 47.76 53.56 53.67
(0.0, —, 0.0) 79.24 79.23 76.50 76.53 81.11 81.08
(0.1, —, 0.5) AT 66.94 66.95 66.01 66.08 69.88 69.95
(0.5, -, 0.1) 76.09 76.16 71.60 71.61 78.78 78.63
(-, 0.0, 0.0) 79.30 79.25 75.92 75.82 80.85 80.80
(-, 0.1, 0.5) vT 66.01 66.08 62.45 62.49 68.54 68.61
(-, 0.5, 0.1) 77.49 77.48 74.61 74.63 78.57 78.55
0.1, -, -) A 52.02 49.81 54.46 54.51 55.45 55.49
0.5, -, —) 50.27 42.80 50.54 49.70 54.11 54.19
(-, 0.1, -) v 51.28 51.37 51.43 51.36 52.65 52.56
(-, 0.5, -) 49.80 49.28 51.25 51.27 51.92 49.56
(-, -, 0.1) T 77.11 77.15 76.79 76.83 78.45 78.41
(-, -, 0.5) 66.28 66.33 66.64 66.71 68.48 68.46

Under imbalanced degradation ratios, such as (0.1,0.5) or (0.5,0.1), GIML
consistently performs best. Existing methods do not explicitly account for modal-
ity reliability during fusion, allowing low-quality modalities to interfere with
decisions. In contrast, GIML estimates modality reliability at the sample level
and adjusts fusion weights accordingly, suppressing unreliable modalities while
emphasizing informative ones.

To evaluate generalization across different modality combinations and modal-
ity numbers, we conduct experiments on MVSA-Single (visual-text, Table |2,
NVGesture (RGB-Depth, Table , and CMU-MOSI (audio—visual-text, Table
4). These datasets cover both bimodal settings and a three-modality scenario.
GIML consistently achieves superior or at least competitive performance across
all settings. These results demonstrate that GIML generalizes well across diverse
modality combinations and remains effective when scaling from two to multiple
modalities, highlighting its modality-agnostic and scalable design for incomplete
multimodal learning.

4.4 Robustness to Unseen Noise Intensity

To evaluate robustness to unseen noise intensities, the model is trained on a
subset of corruption levels and evaluated on previously unseen ones. Specifically,
we train the models using mask rates of 0.2, 0.4, and 0.6, and test them on
unseen intensities of 0.1, 0.3, 0.5, and 0.7. The results are reported in Table [5]
and can be compared with Table [I]

Across both CREMA-D and KS, GIML exhibits only marginal performance
degradation on unseen noise levels and consistently maintains superior or com-
petitive performance compared with TMDC and T2DR. In contrast, TMDC and
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Table 5: Performance on CREMA-D and KS under unseen continuous intra-modality
and inter-modality degradation levels. Best results are highlighted in bold.

intra ratio | . TMDC T2DR GIML
Dataset inter

(Ta, Tu) Acc F1 Acc F1 Acc F1
(0.0,0.0) 65.81 65.79 64.27 64.42 72.47 72.43
(0.5,0.5) 61.40 61.25 61.16 61.43 66.17 66.45
A (0.1,0.5) AV 62.07 61.98 59.65 59.80 67.80 67.70
A (0.5,0.1) 65.54 65.34 64.14 64.39 71.36 71.40
< (0.3,0.7) 58.60 58.68 58.52 58.67 65.68 65.65
E (0.7,0.3) 63.74 63.68 62.15 62.55 66.66 66.66
g (0.0,-) A 52.42 52.41 51.80 52.25 54.89 54.59
(0.5,-) 49.78 49.80 51.26 51.53 51.93 51.68
(-,0.0) v 44.11 41.88 42.93 41.07 60.46 59.98
(-,0.5) 41.29 40.04 39.89 39.16 55.65 55.40
(0.0,0.0) 58.11 58.34 58.32 58.37 69.94 69.53
(0.5,0.5) 57.44 57.63 57.60 57.53 63.16 62.68
(0.1,0.5) AV 56.40 56.86 56.08 55.89 65.31 64.86
(0.5,0.1) 59.08 59.11 58.36 58.24 66.29 65.87
] (0.3,0.7) 55.70 56.11 53.31 53.31 61.80 61.40
X (0.7,0.3) 57.81 57.79 54.93 54.85 63.55 63.35
(0.0,-) A 38.25 38.38 39.45 39.48 45.78 45.33
(0.5,-) 36.83 36.82 37.35 37.00 41.27 40.84
(-,0.0) v 45.99 44.32 42.96 41.01 54.39 53.79
(-,0.5) 42.65 41.29 39.77 38.46 49.64 48.93

T2DR show noticeable performance drops when evaluated under corruption in-
tensities not observed during training, particularly under severe intra-modality
degradation or imbalanced missing ratios. This is because TMDC and T2DR. im-
plicitly treat corruption levels as discrete conditions, which restricts their ability
to generalize beyond the training noise configurations. In contrast, GIML models
modality degradation as a continuous variable 7 and explicitly learns the map-
ping from degradation severity to modality reliability. As a result, the model can
naturally interpolate to unseen noise intensities and dynamically adjust fusion
weights according to modality quality, leading to more stable performance across
continuous degradation scenarios.

We further examine whether 7 captures relative degradation severity. As
reported in Table [§] 7 exhibits strong Spearman correlation with Af, the cosine
distance between clean and corrupted features, on mask-trained models under
Gaussian corruptions. This confirms that 7 reflects continuous degradation levels,
providing a rationale for the model’s robust performance on unseen intensities.
This also partially accounts for GIML’s robustness to noise type specificity.

4.5 Generalization to Unseen Noise Types

We evaluate cross-noise generalization by training on Mask corruption and test-
ing on Gaussian noise (Table @ The Gaussian noise is zero-mean with variances
denoted as 74,1, .

All methods degrade under this distribution shift, with GIML showing the
smallest drop, TMDC moderate, and T2DR the largest. The difference stems
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Table 6: Performance comparison under unseen noise types (Gaussian) for audio-visual
datasets. Best results are highlighted in bold.

inter intra ratio CREMAD-D KS
(ra»T») [TMDC T2DR GIML TMDC T2DR GIML
(0,0) 66.99 67.93 74.18 60.40 62.73 69.88
AV (2,2) 37.85 35.75 54.08 42.62 36.07 58.30
(2,5) 45.83 14.11 61.82 35.47 27.21 58.06
(5,2) 26.91 16.40 36.36 31.50 26.39 47.30
A (0,-) 52.66 53.92 55.57 38.67 41.21 45.13
(2,-) 21.48 19.76 26.36 28.05 21.69 34.89
v (-,0) 46.80 48.95 61.82 46.43 44.90 53.92
(-,2) 45.56 38.31 62.36 27.50 24.61 35.66

from representation handling: T2DR and TMDC extract features directly from
corrupted inputs, making semantics sensitive to noise type changes. TMDC par-
tially mitigates this via VIB compression. GIML explicitly disentangles semantic
features from degradation and uses modality reliability to guide fusion, prevent-
ing noise-induced shifts from affecting semantic representations and ensuring
robust performance under unseen noise types.

We further evaluate GIML on realistic-style corruptions including fog, rain,
snow, and mixed Mask+Gaussian (M+G). Since existing real-world blur /defocus
datasets lack aligned audio-visual emotion labels, we synthesize these corruptions
on CREMA-D. Table [7] shows that GIML outperforms TMDC in most settings.

Table 7: Accuracy (%) under unseen corruptions on CREMA-D.

Fog Rain Snow M+G
Intensity 2 5 7 2 5 7 2 5 7 (2,2)

TMDC 65.29 57.50 53.81 64.73 59.24 55.72 67.12 64.83 58.22 26.74
GIML 71.82 62.95 57.76 70.37 62.17 57.50 73.81 69.38 56.29 52.95

4.6 Ablation Study

(1 Ablation. We evaluate the effect of i, which balances unimodal classi-
fication losses Lcls'”) and fusion loss Lels'. A higher 5, emphasizes unimodal
supervision, enhancing disentanglement, while a lower 3; favors the fusion objec-
tive. Table[J]shows that performance remains stable across a reasonable range of
(1, indicating that the disentanglement framework effectively isolates semantic
features and maintains robust fusion under noisy conditions.

Module Ablation. We investigate the contributions of the modality quality
estimation (NQE) and semantic disentanglement (NSD) modules.

— For GIML-NQE, the learned quality weights are disabled by setting w(") = 1.
Table[I0]reports results under varying modality missing rates. Using uniform
weights slightly reduces performance when missing rates are unbalanced,
indicating that NQE improves the reliability of modality weighting.
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Table 9: GIML performance under varying (1 on
Table 8: Spearman corre- CREMA-D across different intra-modality missing ratios.
lations on CREMA-D. A:

. . intra, . B1
. inter

Audio, V: Visual (ras 7o) 2.0 3.0 20 50

Motric Mask / Gaussian 000.0) | o, | 7245 7116 73.94 7172
0.5,0.5 65.59 65.56 67.80 66.51

A p(7), Af) 0.991 / 0.973 ( )

Vooli. Af) 0991/ 0.955 ©0-) [, [ 5285 5242 5557 5470

A p(var, Af)  0.927 / 0.982 0.5, 50.24 5019 50.24 50.89

V p(var, Af) 1.000 / 0.891 (-,0.0) v 60.38 61.67 60.38 61.77
(-,0.5) 51.75 53.55 55.30  53.60

Table 10: Impact of modality quality estimation on GIML performance under varying
intra-modality and inter-modality missing on two datasets.

intra ratio CREMAD-D KS
(Ta)7Tv) GIML GIML-NQE GIML GIML-NQE
(0.0,0.0) 73.94 72.66 69.51 67.45
(0.1,0.5) 68.18 68.15 65.20 61.96
(0.5,0.1) 72.64 67.69 66.76 65.29
(0.3,0.7) 62.93 63.68 61.68 57.73
(0.7,0.3) | 67.34 63.39 63.47 62.40

— For GIML-NSD, semantic disentanglement is removed by feeding the raw
features z(*) directly into the fusion module instead of the disentangled se-
mantic features s(*). Table shows results under Gaussian noise, where this
causes modest reductions in generalization and discriminability, highlighting
that NSD facilitates extraction of robust semantic features for multimodal
fusion. We further analyze the semantic-uncertainty decoupling of NSD. For
semantics, under A /V missing rates of 0.5, we compute “Sep.=Inter. /Intra.”
on corrupted features, where “Intra.” is the sample-to-class-center distance
and “Inter.” is the class-center distance. A larger “Sep.” indicates clearer class
structure, and Table |12| shows that p is more class-structured than the raw
feature z. For uncertainty, Table |8 shows that variance correlates with Af.

Roles of L,.; and L,,s.. We conduct component ablations under Mask cor-
ruption. As shown in Table [I3] the full model achieves the best “Acc.”, showing
that the two losses are related but not redundant. Af is the cosine distance be-
tween clean and corrupted features. Removing L,,s. mainly weakens the 7-Af
correlation, while removing L., mainly weakens the var-Af correlation. Thus,
Ly se calibrates NQE, whereas L., regularizes the uncertainty.

5 Conclusion

This paper introduces General Incomplete Multimodal Learning (GIML), a uni-
fied framework for multimodal learning under diverse forms of modality incom-
pleteness. While existing methods mainly focus on inter-modality missing, and
a few studies consider intra-modality corruption, they typically treat the two
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Table 11: Effect of semantic disentanglement on GIML generalization under Gaussian

noise across different intra-modality and inter-modality missing on two datasets.

inter intra ratio CREMAD-D KS
(ra,Tv) GIML GIML-NSD GIML GIML-NSD
(0,0) 74.18 73.92 69.88 68.68
AV (2,2) 54.08 48.95 58.30 52.12
(2,5) 61.82 45.56 58.06 39.39
(5,2) 36.36 23.66 47.30 44.36
N (0,-) 55.57 54.57 45.13 45.11
(2,-) 26.36 18.82 45.23 35.76
v (-,0) 61.82 62.37 53.92 55.85
(-2) 62.36 45.56 35.66 36.99

Table 12: Semantic separability under
A/V missing rates of 0.5.

Table 13: Component ablation under
Mask corruption. “Acc.” is at A/V miss-
ing rate 0.5. p means Spearman correla-

Modality = Sep.  u Sep. tion. Each reports A / V.

Audio 0.70 1.51

Visual 0.66 1.88 Variant Acc. p(var, Af) p(h, Af)
Full 67.41 0.927 / 1.000 0.991 / 0.991
w/0 Lyey 65.83 0.336 /0.273 1.000 / 1.000

w/0 Lpyse 64.01 1.000 / 1.000 0.018 / 0.527

problems separately. In contrast, GIML models modality conditions from mild
noise to complete absence as a continuous degradation spectrum, enabling a
unified treatment of both intra-modality degradation and inter-modality miss-
ing. To support this formulation, we develop a Noise-aware Quality Estimator
(NQE) for accurate degradation estimation and a Noise-Semantic Decoupled
(NSD) module to improve robustness to diverse and unseen noise patterns. Ex-
tensive experiments demonstrate that the proposed framework achieves robust
and generalizable multimodal learning across diverse degradation scenarios.
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