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Abstract

The performance of multimodal models often deteriorates
when modality absence occurs. The absence disrupts the
learned inter-modal correlations, resulting in biased mul-
timodal representations. This challenge is especially pro-
nounced when the absence is pervasive, affecting both the
training and inference phases. Recent studies have attempted
to reconstruct the missing information; however, most of
them require complete supervision, which is seldom avail-
able in scenarios of pervasive absence. The quality of recon-
struction remains a critical issue. Alternatively, others aim
to learn robust representations from the available modalities
but the substantial variations and biases are not fully ad-
dressed. This paper introduces the Multimodal Generaliza-
tion and Refinement (MGR) framework to mitigate the is-
sue of pervasive modality absence. MGR begins by acquir-
ing generalized multimodal representations and iteratively re-
fines them to recognize and calibrate the biased represen-
tations. Initially, multimodal samples with absence are em-
bedded through foundation models, and MGR integrates in-
dependent unimodal features to further enhance generaliza-
tion. Additionally, a novel mixed-context prompt is adopted
to identify biases in both features and correlations. A redis-
tribution operation can then refine these biases through graph
pooling, culminating in robust and calibrated multimodal rep-
resentations, which are suitable for downstream tasks. Com-
prehensive experiments on four benchmark datasets demon-
strate that the proposed MGR framework outperforms state-
of-the-art methods, effectively mitigating the impact of per-
vasive modality absence.

Introduction
Multi-modality fusion models exploit the complementary
from various modalities to enhance the performance of
downstream tasks (Fukui et al. 2016; Cai et al. 2020). Each
modality conveys specific information, and their integration
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Figure 1: The distributions of multimodal representations
derived from identical samples exhibit substantial variations
depending on the type of modality absence. Here, MAPs
(Lee et al. 2023) and MSPs (Jang, Wang, and Kim 2024)
are two latest methods designed for mitigating absence.

yields comprehensive and generalized representations (Bal-
trušaitis, Ahuja, and Morency 2019; Liang et al. 2022). Typ-
ically, multi-modality models work under the assumption
that all modalities are complete (Lee et al. 2023). However,
this assumption is frequently violated in real-world scenar-
ios due to privacy concerns, noise, or data collection limita-
tions (Zhang et al. 2022; Karimijafarbigloo et al. 2023; Yang
et al. 2020), leading to performance degradation in the ab-
sence of certain modalities (Tran et al. 2017). Specifically,
when the absence of modalities is pervasive, affecting both
the training and inference phases, it becomes extremely dif-
ficult to learn unbiased and robust multimodal representa-
tions (Lee et al. 2023; Jang, Wang, and Kim 2024).

Principal Challenges. As depicted in Figure 1, the dis-
tributions of multimodal embeddings derived from identi-
cal samples vary significantly when different modalities are
missing. This observation proves that the absence of modali-
ties can lead to biased representations. The biases brought by
incomplete modalities increase the likelihood of suboptimal
or erroneous predictions, obstructing the model from learn-
ing the intrinsic correlations between modalities. Therefore,
it is essential to develop generalized multimodal representa-
tion, and refine biases among them to mitigate the impact of
modality absence.
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Existing Approaches. To address the issue of absence,
recent studies have attempted to compensate for missing
modality through the remaining data (Tran et al. 2017).
However, most of the reconstruction requires supervision
(Dong et al. 2023; Wang, Li, and Cui 2023; Liu et al. 2024),
which is difficult to adopt in scenarios with pervasive modal-
ity absence. Moreover, the quality of reconstruction deter-
mines the subsequent fusion process, leading to suboptimal
performance when there is a significant gap between the
missing and available modalities (Sun et al. 2024).

Alternatively, latest studies suggest learning robust rep-
resentations from the remaining data through methods such
as distillation (Li, Yang, and Zhang 2023), multi-task learn-
ing (Ma et al. 2022), and prompt-based approaches (Lee
et al. 2023; Jang, Wang, and Kim 2024). Among these,
prompt-based methods have demonstrated promising results
and show compatibility with the recent advancements in
Transformer-based multimodal foundation models (Vaswani
et al. 2017; Kim, Son, and Kim 2021). Nonetheless, these
approaches do not entirely address the substantial variations
and biases. Such residual biases cumulatively impact the fu-
sion process. Additionally, the prompts may not accurately
fit the current complex contexts, thereby degrading perfor-
mance and generalization.

Proposed Solution. Towards the challenge of pervasive
modality absence, this paper introduces the Multimodal
Generalization and Refinement (MGR) framework. Com-
pared to existing methods, MGR can effectively recognize
biases in multimodal representations and further calibrate
them to yield robust and unbiased multimodal representa-
tions. Within MGR, an initial generalized multimodal repre-
sentation is acquired, followed by iterative refinement pro-
cesses that incorporate mixed-context prompts to identify bi-
ases in both features and correlations, and calibrate these bi-
ases via graph pooling-based redistribution.

Initially, MGR utilizes the multimodal foundation model
(Kim, Son, and Kim 2021) to acquire multimodal represen-
tations. The missing modality is replaced with learnable em-
beddings, which can potentially be imputed through high-
order inter-modal interactions. Given that the representa-
tion may be substantially weakened by absence, MGR in-
tegrates independent unimodal features to enhance gener-
alization. To derive robust features, MGR employs mixed-
context prompts, generated based on absence status and
global context, to accurately estimate feature and correla-
tion biases. Rather than simply discarding the biased tokens,
which could result in information loss, MGR redistributes
the reliable information to neighboring tokens, thereby pre-
serving reliable information. The refinement process is it-
erative and culminates in robust and unbiased multimodal
representations, optimally suited for downstream tasks.

Contributions. The primary contributions are as follows:
(1) We address the prevalent issue of modality absence

and propose a Multimodal Generalization and Refinement
(MGR) framework. This framework initially derives gener-
alized representations and subsequently refines them to cal-
ibrate biases, thereby yielding robust and unbiased multi-
modal representations.

(2) We develop a novel mixed-context prompt that inte-
grates multiple contexts to precisely estimate multimodal
features and correlation biases. Additionally, we introduced
a graph-based redistribution operation to refine biases while
preserving reliable information.

(3) Extensive experiments conducted on four benchmark
datasets demonstrate that the MGR framework significantly
mitigates the impact of pervasive modality absence.

Related Work
Recent studies towards absence can be broadly categorized
into imputation-based and joint learning-based strategies.

Modality Imputation Strategies for Absence
This category aims to reconstruct missing information by
utilizing statistical properties derived from the remaining
data (Tran et al. 2017; Suo et al. 2019; Zhao et al. 2024).
Generative methods such as generative adversarial networks
(Shang et al. 2017; Qin et al. 2022; Cao et al. 2020), vari-
ational autoencoders (Xu et al. 2024), and diffusion models
(Wang, Li, and Cui 2023), have been employed for this pur-
pose. Recent research specifically focuses on learning the
translation function between missing and available modal-
ities. Dong et al. (2023) propose to regularize and gen-
erate the missing modality via translation. Similarly, Liu
et al. (2024) approximate the missing modality. Among
these methods, most recovery operations require supervi-
sion, such as the ground truth of the missing modality. How-
ever, in scenarios where modality absence is pervasive, such
supervision is rarely available. Additionally, the synthesis
process may introduce noise or non-converging character-
istics (Karimijafarbigloo et al. 2023). To better accommo-
date pervasive absence, we leverage multimodal Transform-
ers (Kim, Son, and Kim 2021) to implicitly impute the miss-
ing data through high-order interactions. A further refine-
ment process is then introduced to calibrate the biases if the
imputation is unreliable, thereby ensuring the final robust
and unbiased representations for downstream tasks.

Joint Learning Strategies for Absence
Joint learning-based strategies exploit the interaction be-
tween modalities (Akbari et al. 2021), learning robust repre-
sentations from the available data. Ma et al. (2022) are pio-
neers in investigating the robustness of Transformers against
incomplete modalities, proposing multi-task optimization to
enhance robustness. Yang et al. (2024) present a two-step
training procedure aimed at improving robustness by ad-
dressing the modality preference issue. Recently, prompt-
based methods (Lee et al. 2023; Jang, Wang, and Kim 2024)
have also been proposed, since they are compatible with
the latest advanced multimodal foundation models (Vaswani
et al. 2017; Kim, Son, and Kim 2021). Lee et al. (2023)
design modality-missing-aware prompts and plug them into
Transformers to handle missing cases. Jang, Wang, and Kim
(2024) optimize these prompts further by leveraging orthog-
onality to promote diverse representations. However, one re-
maining challenge is that these methods do not fully address
the significant variations between multimodal tokens. These
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residual variations and biases cumulatively impact the sub-
sequent fusion process, degrading performance and gener-
alization. To mitigate this issue, we propose to identify and
explicitly refine the biases, via prompts and pooling-based
redistribution operation, thereby enhancing the robustness
and generalization of multimodal representations.

Methodology of The MGR Framework
To tackle the challenge of pervasive modality absence during
both training and inference phases, this paper introduces the
Multimodal Generalization and Refinement (MGR) frame-
work. This section provides a comprehensive introduction,
following the illustration in Figure 2.

Preliminaries
We denote a multimodal sample as (M,B), where M rep-
resents the available modalities, and B denotes the absent
modalities. B = ∅ signifies that all modalities are avail-
able. In this paper, we specifically consider three modali-
ties: {V,A, T}, representing vision, audio, and text, respec-
tively. The raw input data of each modality is denoted as
Xi, where i ∈ {V,A, T}. The input shapes may vary due to
the intrinsic nature of each modality. The goal of MGR is to
learn robust multimodal representations z = MMGR(M,B)
for each sample, which can be effectively utilized for down-
stream tasks under pervasive modality absence scenarios.

Multimodal Representation Generalization
The MGR framework initially devises to learn comprehen-
sive multimodal representations, enhancing the generaliza-
tion of the model to mitigate the impact of modality ab-
sence. The process is primarily accomplished by multi-
modal Transformers foundation (Kim, Son, and Kim 2021).
We embed the available modalities through tokenization
and leverage multimodal Transformers to capture the mul-
timodal features. Subsequently, we integrate unimodal fea-
tures to enhance the robustness of the representations.

Uncertainty-Aware Multimodal Embedding. The avail-
able raw inputs are first embedded by modality-specific to-
kenizers f i

ϑ to generate tokens xi ∈ RNi×d, whereas the
absent modalities are substituted with learnable embeddings
Ei

miss ∈ RNi×d. Here, d denotes the predefined hidden size,
Ni represents the number of tokens of the i-th modality, and
N =

∑
i∈{V,A,T} Ni is the total number of tokens.

For i ∈ {V,A, T}, the tokenization process is defined as:

xi =

{
f i
ϑ(X

i) +Ei
avail, if i ∈ M (Availability),

Ei
miss, if i ∈ B (Absence),

(1)

where Ei
avail ∈ RNi×d serves as an indicator to differenti-

ate available modalities. A multimodal Transformer model,
instantiated by ViLT (Kim, Son, and Kim 2021), is then em-
ployed to capture the multimodal features h ∈ RN×d:

h = Transformer (x) , x =
[
xV
∥∥xA

∥∥xT
]

dim=0
. (2)

The operation [·∥·]dim here indicates concatenation along the
specified dimension. The two learnable embeddings, Ei

miss

and Ei
avail, are capable of effectively perceiving the uncer-

tainty associated with the absence of modalities. The rep-
resentations of each modality, denoted as hV ,hA,hT , can
subsequently be derived by appropriately slicing h.

Unimodal Generalization Enhancement. The output of
the multimodal Transformer model, h, is intended to serve
as a comprehensive multimodal representation. Nonetheless,
it may exhibit inherent biases. For example, the imputa-
tion of absent modalities might lack precision, or the avail-
able modalities could be compromised by potential unrelia-
bility. To mitigate these issues and improve generalization,
MGR integrates additional unimodal features hu for avail-
able modalities:

hi
e =

{
hi + αuh

i
u, if i ∈ M (Availability),

hi, if i ∈ B (Absence).
(3)

The factor αu is a hyperparameter. In the above equation, hi
u

is derived from modality-specific unimodal Transformers,
which share a similar architecture as Equation (2). As the
inputs to unimodal Transformers are exclusively unimodal
features, with no absences involved, the unimodal features,
hi
u, are anticipated to be more reliable and robust. The inte-

gration further leads to enhancing the representations to hi
e.

As discussed in previous studies (Albuquerque et al.
2019; Lu et al. 2023; Huang et al. 2024a), the diversity
between representations is anticipated to be significant for
generalization. Therefore, we introduce distance correlation
(Székely, Rizzo, and Bakirov 2007; Zhen et al. 2022; Huang
et al. 2024b) to quantify the dependencies between multi-
modal and unimodal features without assuming linearity or
normality:

Ldiv =
∑
i∈M

V2
ni

(
hi
u,h

i
)√

V2
ni

(hi
u,h

i
u)V2

ni
(hi,hi) + ϵ

, (4)

where V2
n (hu,h) is the empirical distance covariance, while

V2
n (hu,hu), V2

n (h,h) denote the empirical variances. Ldiv
is computed for available modalities exclusively.

Potential Biases Identification and Refinement
After acquiring generalized multimodal representations h,
MGR iteratively refines these representations to recalibrate
biases, thereby preserving only the reliable and robust infor-
mation against modality absence. This refinement initiates
by precisely perceiving the current contexts, thus can rec-
ognize biases within features or correlations. The identified
biases are refined through a redistribution operation.

Contexts Perception with Mixed Prompts. To compre-
hensively estimate biases in multimodal representations,
MGR employs prompts as conditional guidance. Recent ad-
vancements leverage prompts to navigate Transformer mod-
els in circumstances of missing modalities (Lee et al. 2023;
Jang, Wang, and Kim 2024). Nonetheless, the prompts em-
ployed in these approaches focus predominantly on the ab-
sence status, potentially failing to adequately align with the
existing contexts, such as feature or correlation dynamics.
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Figure 2: Illustration of the proposed Multimodal Generalization and Refinement (MGR) framework.

To mitigate these limitations, MGR enhances prompt
quality by incorporating diverse contextual information,
generating the mixed-context prompt P ∈ Rd:

P = fMix

([∑
i∈M

pi

∥∥∥∥fΦ(he)

]
dim=0

)
. (5)

Here, pi ∈ Rd represents the learnable modality-specific
prompts indicating absence, with

∑
i∈M pi consolidating

the contextual information pertinent to the current absence
status. Furthermore, fΦ(he) denotes the context of features,
where fΦ functions as a feature and correlation estimator
implemented through average pooling. The function fMix is
a learnable transformation for context mixing.

MGR can obtain conditionally enhanced information r =
P (he|P) via the mixed-context prompt P. The prompt is
integrated into he as a new prompt token:

hp = [he∥P]dim=0 . (6)

Additional methods for integrating prompts into models,
such as summation, input, and attention integration (Lee
et al. 2023), are discussed in Experiments section.

Subsequently, the conditionally enhanced feature r is ob-
tained through attention mechanism with nh heads:

r = [r1∥ . . . ∥rn]dim=1W
O, ri = aihpW

V
i ,

where ai = Softmax

(
hWQ

i (hW
K
i )T√

d/nh

)
,

(7)

where WQ
i , WK

i , and WV
i represent learnable weights for

the i-th head. WO is the output linear layer. Furthermore,
the perceived correlation e ∈ RN×N between tokens are
derived from the attention weights ai:

e =
1

nh

nh∑
i=1

ai. (8)

Potential Biases Identification. Based on the estimated
enhanced representation r and correlations e within diverse
contexts, we can identify potential biases through ranking:

ξ = αfξf + (1− αf )ξe,

ξf = Tanh (fΨ (r)) , ξe = Tanh

(
N∑
i=1

ei

)
.

(9)

Here, ξ ∈ RN represents the ranking scores of tokens, where
higher values indicate a lower likelihood of bias. The learn-
able projector fΨ realizes ranking at feature-level, ξf , while
the correlation-level ranking ξe is derived from the sum of
context correlations ei, which reflect biases inherent in cor-
relation dynamics. The parameter αf is a weight factor that
balances and aggregates the dual rankings.

The top-ρ tokens, which are considered highly likely to
be unbiased, are retained, while the rest are discarded:

idxu = ArgSort(ξ)1:ρ|ξ|, idxb = ArgSort(ξ)ρ|ξ|:N , (10)

where idxu and idxb represent the indices of unbiased and
biased tokens, respectively.

Refinement through Redistribution. While it is common
to discard biased tokens by simply omitting them, this ap-
proach can lead to information loss due to uncertainties in
index splitting and the potential reliable information that bi-
ased tokens may contain. To address this issue, we propose
a graph-based redistribution method to preserve the useful
information embedded within biased tokens.

Considering a graph where each vertex represents a to-
ken, let ri be the feature of the i-th vertex, the adjacency
matrix A, which governs the information passing flow be-
tween tokens, is derived from the correlation matrix e given
in Equation 8:

Aij =

{
eij , if i ∈ idxb and j ∈ idxu,

0, otherwise.
(11)
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Method
CMU–MOSI CMU–MOSEI UR–FUNNY AV–MNIST Average

(4 Datasets)F1 Score Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score

Baseline ICML’21 66.43 /2.26 67.36 /2.68 82.20 /0.85 73.97 /1.06 58.79 /3.50 61.42 /1.04 53.43 /5.11 66.23

MTL CVPR’22 66.45 /2.00 70.68 /0.95 82.64 /0.81 73.78 /1.63 60.65 /2.81 61.99 /1.18 56.20 /1.88 67.48
MaskMentor MM’24 67.16 /3.04 68.11 /6.77 82.97 /0.19 72.10 /1.03 59.09 /3.22 61.31 /1.86 56.25 /3.43 66.71

MaPLe CVPR’23 67.74 /2.05 68.33 /1.81 82.63 /0.76 74.47 /0.87 60.23 /2.84 63.21 /0.99 56.07 /2.75 67.53
MAPs CVPR’23 68.14 /3.12 70.15 /2.58 84.90 /0.77 76.85 /0.91 60.40 /1.69 62.93 /0.74 55.76 /4.87 68.45

MSPs ICASSP’24 69.05 /2.00 71.55 /1.67 83.38 /1.63 75.22 /1.85 60.34 /2.50 62.84 /1.42 56.98 /1.45 68.48

MGR (Ours) 69.23 /2.29 71.07 /1.84 85.27 /0.45 77.48 /0.51 60.93 /1.92 63.78 /0.69 58.15 /0.37 69.42

Table 1: Comparison results under a absence prevalence ratio κ = 0.7.

Actually, A is a submatrix of e, establishing bipartite con-
nections between biased and unbiased tokens. The redistri-
bution operation propagates reliable information as formu-
lated by (Morris et al. 2019), utilizing high-order interac-
tions to achieve the refined representation z:

zi = σ

riWc1 +
N∑
j=1

rjWc2Aji

 , (12)

where Wc1 and Wc2 are learnable transformations, and σ
is activation. In contrast to mere omission, the redistribution
operation ensures the preservation of valuable information
from biased tokens. The entire refinement process, as de-
scribed in Equations (5)–(12), is iteratively executed over
LT iterations, thereby ensuring smooth convergence. Con-
sequently, only ρLT percent tokens, conveying merged in-
formation, are preserved. This approach not only enhances
robustness but also accelerates computational efficiency.

The refined representation z obtained for each sample is
subsequently utilized for downstream tasks. In the context of
classification or regression, the final prediction is derived as
Y ′ = ftask(z), where ftask represents the task-specific classi-
fier or regressor. The entire MGR framework is trained in an
end-to-end manner using the loss function L:

L = Ltask + λdivLdiv, (13)
Here, Ltask denotes the task-specific loss, such as mean ab-
solute error for regression or cross-entropy for classification.
The parameter λdiv is a hyperparameter that regularizes the
diversity loss Ldiv as defined in Equation (4).

Potential biases 
identification

Refinement via 
redistribution

𝐫𝑖 𝒊 𝒋
𝐞𝑖𝑗

𝐏

Context 
perception

Feature-level
𝑓𝚿 r 𝝃𝑓

Correlation-level

∑𝐞 𝝃𝑒

𝝃 = 𝜶𝒇𝝃𝒇 + 𝟏− 𝜶𝒇 𝝃𝒆

Top-𝝆 tokens (preserved)

Biases (discarded)

𝐡𝒆
𝑽

𝐡𝒆
𝑨

𝐡𝒆
𝑻

Figure 3: Illustration of the graph-based redistribution oper-
ation for biased token refinement.

Experiments
Experimental Setup
Benchmark Datasets. Four multimodal datasets are
adopted to evaluate the MGR framework. CMU–MOSI
(Zadeh et al. 2016), CMU–MOSEI (Zadeh et al. 2018;
Liang et al. 2018), and UR–FUNNY (Hasan et al. 2019)
are video-based datasets encompassing three modalities
(V,A, T ). CMU–MOSEI and UR–FUNNY are among the
largest datasets within their respective domains. AV–MNIST
(Liang et al. 2021) is a synthetic noisy dataset with two
modalities (V,A).

Implementation Details. The data preprocessing and the
partitioning of training, validation, and testing sets follows
MultiBench (Liang et al. 2021). The framework is imple-
mented using PyTorch (Paszke et al. 2019). The AdamW
optimizer (Loshchilov and Hutter 2017) with a learning rate
of 1e-4 is utilized. Regarding modality absence, the model
is evaluated at two prevalence ratios, κ = 0.7 and κ = 1,
which indicate the percentage of samples with one modal-
ity absence in training, validation, and testing phases. κ = 1
signifies that all samples exhibit one modality absence. Each
experiment is conducted using four random seeds for the ab-
sence schema and trained under four random seeds, result-
ing in each experiment being replicated 16 times to ensure
reliable results. The average performance and standard devi-
ation across these 16 runs are reported.

Baselines. The proposed MGR framework is compared
with several state-of-the-art methods of top-tier publica-
tions. These methods include training strategies designed for
absence: MTL (Ma et al. 2022) and MaskMentor (Zhao et al.
2024). Additionally, latest prompt-based methods, MaPLe
(Khattak et al. 2023), MAPs (Lee et al. 2023), and MSPs
(Jang, Wang, and Kim 2024), are also evaluated. The ViLT
(Kim, Son, and Kim 2021) model serves as the baseline.

Comparison Results
We compare the proposed MGR framework to the aforemen-
tioned baselines. The results are presented in Table 1 and Ta-
ble 2. The performance is reported as avg./std. over 16 runs.

The results demonstrate that the MGR framework consis-
tently outperforms the baselines in both the absence preva-
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Method
CMU–MOSI CMU–MOSEI UR–FUNNY Average

(3 Datasets)F1 Score Accuracy F1 Score Accuracy F1 Score Accuracy

Baseline ICML’21 65.46 /2.20 66.13 /2.45 81.92 /1.44 73.11 /1.52 58.15 /2.06 60.91 /1.02 67.61

MTL CVPR’22 63.16 /2.40 68.22 /1.19 82.10 /0.62 73.19 /1.37 59.09 /5.32 59.37 /1.11 67.52
MaskMentor MM’24 64.74 /2.87 67.19 /1.11 82.60 /0.10 70.84 /0.16 57.70 /3.35 61.73 /0.81 67.47

MaPLe CVPR’23 66.45 /1.75 65.74 /1.62 82.04 /0.99 73.49 /1.50 59.37 /3.88 62.45 /0.78 68.26
MAPs CVPR’23 65.52 /2.51 67.24 /1.72 84.34 /0.75 76.08 /0.82 60.43 /2.18 62.42 /1.31 69.34

MSPs ICASSP’24 66.73 /1.90 68.61 /1.62 82.46 /1.65 73.77 /2.07 60.07 /3.51 62.00 /1.43 68.94

MGR (Ours) 67.46 /1.86 68.99 /1.68 85.02 /0.31 76.53 /0.31 60.68 /2.26 62.89 /0.74 70.26

* Due to the fact that AV–MNIST only contains two modalities, results for the scenario where all samples have modality absence are not
reported since multimodal fusion is not applicable.

Table 2: Comparison results under a absence prevalence ratio κ = 1.

lence ratio κ = 0.7 and κ = 1, underscoring the effec-
tiveness of the proposed method in addressing the impact
of pervasive modality absence. When the absence ratio κ
increases from 0.7 to 1, the performance of all methods de-
creases. As depicted in the tables, prompt-based methods,
including MaPLe, MAPs, and MSPs, leverage prompts to
handle modality absence and achieve competitive perfor-
mance compared to other designs. Among these prompt-
based methods, the proposed MGR achieves the best perfor-
mance, demonstrating the efficacy of the proposed mixed-
context prompt and the graph-based refinement operation.
The explicit refinement of biases and redistribution of in-
formation from biased tokens are crucial for enhancing the
robustness of multimodal models under modality absence.

Ablation Studies and Sensitivity Analysis

Method Absence Type
(V / A / T )

κ = 0.7 κ = 1

F1 Acc. F1 Acc.

MAPs
/ /

85.11 78.61 84.90 78.52
MSPs 84.63 77.93 83.94 77.44
Ours 86.63 80.00 86.12 79.63

MAPs
/ /

83.40 74.72 81.24 71.23
MSPs 82.78 74.16 80.48 71.05
Ours 84.52 76.25 83.82 74.53

MAPs
/ /

84.20 75.50 83.42 74.08
MSPs 83.95 75.34 83.18 73.66
Ours 84.67 76.03 83.79 74.52

* A hollow circle signifies the corresponding modality is absence.

Table 3: Comparison when two modalities exhibit absence.

Ablation Studies on Modality Absence Types. The ab-
sence is observed across all modalities in the previous ex-
periments (Table 1 and 2). This section further evaluates the
performance of MGR under various conditions of modality
absence. Table 3 and Table 4 correspond to scenarios where

Method Absence Type
(V / A / T )

κ = 0.7

F1 Score Accuracy

MAPs
/ /

83.00 /1.75 76.55 /1.72

MSPs 84.19 /1.00 77.70 /1.05

Ours 86.22 /0.63 79.48 /0.59

MAPs
/ /

86.23 /0.52 79.55 /0.57

MSPs 85.97 /0.55 79.32 /0.82

Ours 86.63 /0.26 80.03 /0.39

MAPs
/ /

82.62 /0.63 71.37 /0.79

MSPs 82.57 /0.63 71.22 /0.64

Ours 82.62 /0.57 72.46 /0.64

* The results are reported exclusively for the scenario where
κ = 0.7, since the issue of modality absence is not relevant when
κ = 1 and only one modality exhibits absent.

Table 4: Comparison when one modality exhibits absence.

the absence occurs only in one or two modalities. Perfor-
mances are reported on the CMU-MOSEI dataset, the largest
among the benchmark datasets. It is demonstrated that MGR
outperforms baseline models across different conditions of
modality absence, thereby attesting to its robustness and ef-
fectiveness in addressing this issue.

Prompt type MOSI MOSEI FUNNY AV-M Avg.

M
G

R
+ MAPs/Input 67.86 85.10 61.14 57.80 67.98

MAPs/Attn. 68.43 85.50 61.07 58.15 68.29
Summation 67.91 85.22 60.65 58.04 67.96

Token 69.23 85.27 60.93 58.15 68.40

Table 5: Ablation on prompt insertion types when κ = 0.7.

Ablation Studies on Prompt Insertion Types. As intro-
duced in the methodology section, we inject the mixed-
context prompt P into the multimodal Transformer model
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Prompt type MOSI MOSEI FUNNY Avg.
M

G
R
+ MAPs/Input 65.18 84.29 60.32 69.93

MAPs/Attn. 65.74 84.86 61.21 70.60
Summation 66.01 85.11 60.56 70.56

Token 67.46 85.02 60.68 71.05

Table 6: Ablation on prompt insertion types when κ = 1.
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Figure 4: Sensitive analysis of hyperparameters.

at the token level by adding a prompt token. Here, we ex-
amine the impact of different types of prompt insertion, in-
cluding input, attention, summation, and token-level inser-
tion. The results are presented in Table 5 and Table 6. The
input and attention-level prompt insertion types are derived
from MAPs (Lee et al. 2023).The summation refers to the
summing of the prompt with inputs. The adopted token-level
prompt insertion has delivered the best performance on av-
erage and achieved most of the top-two performances across
all datasets. It proves to be a general and effective choice.

Method MOSI MOSEI FUNNY AV-M Avg.

Ours 69.23 85.27 60.93 58.15 68.40
w/o mixed-context 66.92 83.44 60.56 57.71 67.01
w/o Ldiv 67.09 83.53 60.47 55.37 66.62
w/o hu 66.86 83.73 59.76 53.73 66.02

Table 7: Ablation on different components when κ = 0.7.

Ablation Studies on Components. We conducted abla-
tion studies to evaluate the impact of various components
within MGR in Table 7 and Table 8. Initially, we replaced
the mixed-context prompt P with the prompts proposed in
MAPs (Lee et al. 2023). The absence of context led to a
marked decline in performance, indicating that the mixed-
context prompt effectively captures the current dynamics.
Furthermore, the removal of Ldiv and unbiased and stable

Method MOSI MOSEI FUNNY Avg.

Ours 67.46 85.02 60.68 71.05
w/o mixed-context 66.34 82.87 60.43 69.88
w/o Ldiv 65.32 82.69 60.17 69.39
w/o hu 65.42 82.61 59.57 69.20

Table 8: Ablation on different components when κ = 1.

unimodal features hu result in performance drop.

Sensitivity Analysis. For several critical hyperparameters,
specifically the number of refinement layers LT and the set-
ting of ρ in each layer, we conducted a sensitivity analysis
to evaluate their impact on performance. The results are pre-
sented in Figure 4. Based on these findings, we can deter-
mine the final choices for the hyperparameters.

Qualitative Analysis
Figure 5 presents the distribution of multi-modality token
using t-SNE (Van der Maaten and Hinton 2008). In these
plots, missing modalities are imputed by the multimodal
Transformer. The visualization reveals that our proposed
MGR effectively learns coherent multimodal representa-
tions, exhibiting a lower inter-modality heterogeneity gap
compared to MSPs. Specifically, in scenarios where the au-
dio modality is absent, our MGR achieves a more compact
multimodal representation than MSPs. Additionally, in the
absence of the vision modality, the imputed visual tokens
and the crossmodal correlations learned by MGR closely ap-
proximate those in a complete scenario.

MSPs

Ours

Vision Tokens Audio Tokens Text Tokens

Modality 
Complete

Vision
incomplete

Audio
incomplete

Text
incomplete

Figure 5: Visualization of multimodal token distributions.

Conclusion
We address the primary challenge of pervasive modality ab-
sence by introducing a Multimodal Generalization and Re-
finement (MGR) framework. A novel mixed-context prompt
is introduced to estimate multimodal correlations, and redis-
tribution operations are employed to refine biased tokens.
Comprehensive experiments conducted on four benchmark
datasets demonstrate that the proposed framework surpasses
state-of-the-art methods. In future work, we will explore the
potential applications of MGR in other multimodal models.
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