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Abstract

Multimodal models integrating natural language and visual
information have substantially improved generalization of
representation models. However, their effectiveness signifi-
cantly declines in real-world situations where certain modal-
ities are missing or unavailable. This degradation primar-
ily stems from inconsistent representation learning between
complete multimodal data and incomplete modality scenar-
ios. Existing approaches typically address missing modal-
ities through relatively simplistic generation methods, yet
these approaches fail to adequately preserve cross-modal con-
sistency, leading to suboptimal performance. To overcome
this limitation, we propose a novel multimodal framework
named PROMISE, a PROMpting-Attentive HIerarchical
ContraStive LEarning approach designed explicitly for ro-
bust cross-modal representation under conditions of miss-
ing modalities. Specifically, PROMISE innovatively incor-
porates multimodal prompt learning into a hierarchical con-
trastive learning framework, equipped with a specially de-
signed prompt-attention mechanism. This mechanism dy-
namically generates robust and consistent representations for
scenarios where particular modalities are absent, thereby ef-
fectively bridging the representational gap between com-
plete and incomplete data. Extensive experiments conducted
on benchmark datasets, along with comprehensive ablation
studies, clearly demonstrate the superior performance of
PROMISE compared to current state-of-the-art multimodal
methods.

Introduction
Multimodal learning (????) is vital in intelligent health-
care (?), autonomous driving (???), and cross-modal re-
trieval (??) by leveraging complementary information from
diverse modalities to achieve robust feature representations
(??). However, multimodal datasets frequently suffer from
incomplete information due to device failures, partial data
collection, or transmission losses.

The challenge of missing modalities has garnered sig-
nificant attention, yet existing solutions remain fundamen-
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tally limited. Joint representation-based approaches (???)
attempt to learn shared semantic spaces but often fail to
capture modality-specific nuances and struggle with effec-
tive cross-modal semantic alignment. Meanwhile, adaptive
methods (?) dynamically adjust network architectures, but
suffer from architectural complexity and training instability,
particularly when missing rates become substantial.

In scenarios with high missing rates, multimodal learning
faces three key challenges: (1) information sparsity, hin-
dering accurate semantic representation inference for miss-
ing modalities; (2) ensuring semantic consistency between
generated features and original complete modalities; and (3)
balancing discriminative power with semantic preserva-
tion in the completed features.

To address these challenges, we propose PROMISE,
a novel framework combining multimodal prompt learn-
ing with hierarchical contrastive learning. PROMISE em-
ploys a Prompt Attention mechanism to adaptively ex-
tract semantic information from available modalities, gen-
erating high-quality representations for missing ones. This
is complemented by a dual-level contrastive learning strat-
egy: Fusion-driven Nexus Contrastive Learning (FNCL)
ensures semantic consistency between modalities, while
Cohesion-driven Core Contrastive Learning (CCCL) en-
hances discriminative power. This integrated approach en-
ables robust performance even with high missing rates.

Our main contributions are:

• Proposing a novel technical paradigm that combines
prompt learning with hierarchical contrastive learning to
address robust cross-modal representation learning under
high missing rates.

• Designing an innovative Prompt Attention mechanism
that effectively extracts semantic information from avail-
able modalities to generate high-quality semantically
consistent representations for missing ones.

• Developing a dual-level contrastive learning strategy and
incorporating it with prompt learning, which simultane-
ously ensures feature semantic consistency and discrimi-
native power.
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Figure 1: Architectural overview of the PROMISE framework for robust multimodal representation learning with missing
modalities. The framework integrates: (1) a frozen multimodal encoder backbone, (2) a prompt-attention mechanism with
modality-specific prompt pools for generating missing representations, (3) fusion-driven nexus contrastive learning (FNCL) for
cross-modal alignment, and (4) cohesion-driven core contrastive learning (CCCL) for enhancing discriminative power. This
hierarchical design effectively bridges the representation gap between complete and incomplete modality scenarios through
dynamic prompt-based generation and multi-level contrastive optimization.

Related Work

Multimodal Prompt Learning

Multimodal prompt learning has garnered increasing atten-
tion for its ability to efficiently adapt large models to new
tasks and domains. Existing approaches can be categorized
along two key dimensions.

First, methods differ in prompt modality: early studies in
NLP prompt tuning (??) focused on single modalities such
as natural language, while recent approaches (?) jointly ex-
ploit image and text inputs.

Second, prompts can be either hard or soft: hard
prompt (?) directly modifies input features, whereas soft
prompt (??) manipulates internal representations through
prefix tokens in transformer architectures.

Prompt-based methods excel in parameter-efficient adap-
tation and cross-context generalization. Soft multimodal
prompt particularly offers flexibility in handling varied in-
put conditions by modulating internal representations with-
out architectural modifications. This motivates our integra-
tion of prompt learning into multimodal frameworks, treat-
ing distinct missing modality scenarios as separate learning
tasks within the broader context of modality incompleteness.

Contrastive Learning
Contrastive learning (CL) is a powerful self-supervised
paradigm that aligns similar instances while separating dis-
similar ones. Seminal works like SimCLR (?) and MoCo (?)
established foundational frameworks for invariant feature
learning. CL was extended to multimodal settings, with
CLIP (?) achieving remarkable cross-modal alignment by
contrasting image-text pairs. However, these methods typi-
cally assume full modality availability during both training
and inference, limiting their applicability in real-world sce-
narios with missing modalities.

Recent research has explored prompt-based learning for
adapting pretrained models. Multimodal prompt tuning
methods, such as MaPLe (?) and MPLMM (?), enhance
task-specific adaptation by refining cross-modal interactions
via prompts. While some efforts combine contrastive objec-
tives with prompt techniques (e.g., CP-Tuning (?)), they ex-
hibit significant limitations, primarily restricting to single-
modal missing scenarios and employing rigid alignment.
This creates a critical gap in dynamically aligning partial
modality inputs with learnable prompts while ensuring ro-
bust feature discrimination under varying missing modality
conditions. Our work, PROMISE, bridges this gap by jointly
optimizing contrastive objectives and multimodal prompts
to address both modality-incomplete and cross-modal align-
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ment challenges.

Methodology
In this section, we detail our methodology by presenting
a clear problem definition and introducing our proposed
PROMISE.

Problem Formulation
We consider a multimodal dataset comprising two modali-
ties, denoted as m1 and m2 (e.g., image and text). Let D =
{Dc,Dm1 ,Dm2} represent the complete dataset, where:

• Dc = {(xm1
i , xm2

i , Li)}Nc
i=1 contains samples with both

modalities
• Dm1 = {(xm1

i , ∅, Li)}
Nm1
i=1 comprises samples with only

modality m1

• Dm2 = {(∅, xm2
i , Li)}

Nm2
i=1 contains samples with only

modality m2

Here, xm1
i and xm2

i represent features from respective
modalities, ∅ denotes missing modality, and Li represents
the corresponding label. We define missing rate as η =
1− Nc

N where N = Nc +Nm1
+Nm2

.
For each available modality, we apply data augmentation

to obtain augmented representations xm1
a,i and xm2

a,i :

x
mj

a,i = Tmj
(x

mj

i ), j ∈ {1, 2} (1)

where Tmj
represents modality-specific transformation that

preserves semantic content.We will discuss the details in the
Implementation Details section.

Overall Framework
PROMISE (Figure 1) employs a hierarchical design with
frozen encoders and three learnable components: modality-
specific prompt pools with attention mechanisms for miss-
ing representation generation, and dual-level contrastive
learning (FNCL and CCCL) to maintain both cross-modal
alignment and within-modality discriminability. This archi-
tecture effectively handles high missing rates by preserving
semantic consistency between available and reconstructed
modalities.

Prompt Attention
Prior approaches (??) to missing modality problems pre-
dominantly rely on direct generation techniques without ad-
equately addressing semantic consistency between original
and generated representations. These methods often fail to
preserve the intrinsic semantic properties of the missing
modality, resulting in representations that do not align well
with the original feature space.

To address these limitations, we propose the Prompt
Attention mechanism, which enables precise cross-modal
representation generation by leveraging modality-specific
prompt pools in conjunction with multi-head attention. This
approach allows for fine-grained semantic alignment be-
tween available and missing modalities through learnable
prompts that capture modality-specific characteristics.
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···
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···
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Figure 2: The proposed Prompt Attention mechanism. It
generates representations for a missing modality by feed-
ing a multi-head attention module with a concatenation of
available modality features and learnable, modality-specific
prompts.

Modality-Specific Prompt Pools: We initialize separate
prompt pools for each modality to account for their distinct
feature distributions. Formally, we define these prompt pools
as P = {Pm1 ,Pm2}, where Pm1 = {pm1

1 , pm1
2 , . . . , pm1

N }
and Pm2 = {pm2

1 , pm2
2 , . . . , pm2

N } represent the trainable
prompt pools for text and image modalities, respectively.
Each prompt pool contains N prompts corresponding to the
N attention heads in our multi-head attention mechanism.
During training, these prompt pools are optimized end-to-
end alongside other parameters through backpropagation,
enabling them to adapt to modality-specific characteristics
and cross-modal relationships in the dataset.
Cross-Modal Representation Generation: Given an input
tuple Dm2 = {xm2 , xm2

a , L} where xm2 and xm2
a denote

the original and augmented representations of modality m2,
and L represents the corresponding labels, our objective is
to generate representations x̂m1 and x̂m1

a for the missing
modality m1. As illustrated in Figure 2, the Prompt Atten-
tion mechanism operates as follows:

Given that [· · · ; · · · ] represents the concatenation oper-
ation, we concatenate the available modality with its aug-
mented data. Then, we map [xm2 ;xm2

a ] to a higher dimen-
sion through a function f and concatenate f([xm2 ;xm2

a ])
with prompt pm1

i .

Am1
i = [f([xm2 ;xm2

a ]); pm1
i ], i ∈ 1, 2, . . . , N (2)

where f(·) indicates the linear projection to mitigate the
modality gap between modality m1 and m2, and i ranges
from 1 to N corresponding to each attention head in our
multi-head attention mechanism.

We then derive query, key, and value matrices for the
multi-head self-attention mechanism (?) as:

Qi = Am1
i WQ

i , Ki = Am1
i WK

i , Vi = Am1
i WV

i (3)

where WQ
i , WK

i , and WV
i are learnable parameter matrices

for the i-th attention head.
The attention mechanism computes attention scores to

capture relevant information for reconstructing the missing
modality representations:

Attentioni = softmax(
QiK

T
i√

dk
)Vi (4)
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Finally, we generate the representations for the missing
modality through separate linear fusion functions for origi-
nal and augmented representations:

x̂m1 = fori([Attn
1; ...;AttnN ]) (5)

x̂m1
a = faug([Attn

1; ...;AttnN ]) (6)
After applying the Prompt Attention mechanism, we

construct a comprehensive multimodal dataset D̂ =
{xm2 , xm2

a , x̂m1 , x̂m1
a , L} that integrates both the available

modality and the synthetically generated representations for
the absent modality.

Despite this generation capability, representation synthe-
sis alone may introduce potential information asymmetry
between modalities. To address this challenge, we incorpo-
rate hierarchical contrastive learning into our framework,
which establishes explicit cross-modal semantic alignment
at multiple abstraction levels, thereby ensuring consistency
between the original and generated representations.

Hierarchical Contrastive Learning
Having addressed missing modalities via the Prompt At-
tention mechanism, we further ensure semantic and modal-
ity consistency through hierarchical contrastive learn-
ing. This strategy consists of two main components:
Fusion-driven Nexus Contrastive Learning (FNCL) and
Cohesion-driven Core Contrastive Learning (CCCL).
Fusion-driven Nexus Contrastive Learning (FNCL):
FNCL aims to create a unified representation space, bridg-
ing the heterogeneity between modalities. It posits that
cross-modal embeddings from the same instance should
be semantically consistent, while those from different in-
stances should be distinguishable. We leverage the normal-
ized temperature-scaled cross-entropy (NT-Xent) (?) loss
for this purpose, where sim(u, v) = uT v/(∥u∥2∥v∥2) de-
notes cosine similarity and τ is the temperature parameter.

For each instance i, we define positive pairs as all cross-
modal combinations of its original and augmented represen-
tations. Given a batch of B instances, the FNCL loss aggre-
gates four alignment objectives:

LFNCL =L(xm1 , x̂m2) + L(xm1 , x̂m2
a )

+ L(xm1
a , x̂m2) + L(xm1

a , x̂m2
a ) (7)

where L(X,Y ) is the symmetric NT-Xent loss between sets
of features X and Y :

L(X,Y ) =
1

2B

B∑
i=1

[
− log

exp(sim(xi, yi)/τ)∑B
j=1 exp(sim(xi, yj)/τ)

− log
exp(sim(yi, xi)/τ)∑B
j=1 exp(sim(yi, xj)/τ)

]
(8)

Here, xi ∈ X and yi ∈ Y are features for instance i. This
formulation ensures comprehensive alignment across origi-
nal and augmented views for both modalities.
Cohesion-driven Core Contrastive Learning (CCCL):
While FNCL focuses on inter-modal alignment, CCCL en-
hances discriminative power within each modality by pro-
moting feature compactness for same-class instances and

separation for different-class instances. For each modality
m ∈ {m1,m2}, we define positive pairs based on both aug-
mentation invariance and semantic label information. For an
instance i with representation xm

i and augmented view xm
a,i,

and label Li, the positive set for xm
i includes xm

a,i and all xm
j

where Lj = Li and j ̸= i.
The CCCL loss for modality m is defined as:

Lm
CCCL = − 1

2B

B∑
i=1

log

∑
j∈P (i) exp(sim(xm

i , xm
j )/τ)∑

k∈K(i) exp(sim(xm
i , xm

k )/τ)

(9)
where P (i) denotes the set of indices of positive samples for
xm
i (including its augmented view and same-label samples

in the batch), and K(i) denotes the set of all other samples
in the batch (excluding xm

i itself).
The total CCCL loss combines losses from both modali-

ties:
LCCCL = Lm1

CCCL + Lm2

CCCL (10)

Integrated Contrastive Framework:
To leverage the complementary strengths of both con-

trastive learning components, we combine them into an in-
tegrated hierarchical framework with weight α :

Lcontrast = αLFNCL + (1− α)LCCCL (11)

Here, α is hyperparameter that determines the relative im-
portance of the Fusion-driven Nexus Contrastive Learning
(FNCL) and Cohesion-driven Core Contrastive Learning
(CCCL) losses. This allows for flexible optimization and
fine-tuning to achieve the best balance between inter-modal
semantic consistency and intra-modal discriminative power,
resulting in more robust and generalizable representations
under missing modality scenarios.

Experiments
Datasets and Evaluation Metrics
To evaluate our methods, we follow the work (?) by con-
ducting experiments on the same three multimodal datasets,
while introducing a fourth dataset to provide a more com-
prehensive assessment of our approaches’ adaptability and
robustness.

• UPMC Food-101 (?) comprises recipe descriptions and
images across 101 food categories;

• MM-IMDb (?) is a multi-label dataset for movie genre
classification that integrates visual and textual features;

• Hateful Memes (?) is a challenging benchmark for de-
tecting hate speech in memes through multimodal analy-
sis;

• N24News (?) contains news images paired with four text
types (Heading, Caption, Abstract, Body).

For consistent evaluation against baselines, we employ
dataset-specific metrics: classification accuracy (Acc) for
UPMC Food101 and N24News, Area Under the ROC Curve
(AUROC) for Hateful Memes, and macro-averaged F1 score
(F1-Macro) for MM-IMDb.
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Datasets Missing rate Training Testing Ma Model MPVR MSPs MMP DCP PROMISE
η Image Text Image Text

Hateful Memes
(AUROC)

100% 30% 100% 30% 60.96 61.01 - 61.39 62.82 63.63
70% 30% 100% 30% 100% 63.56 62.34 - 68.97 64.12 64.40

65% 65% 65% 65% 64.41 63.53 - 65.17 66.08 67.16

UPMC Food101
(ACC)

100% 30% 100% 30% 73.41 73.85 71.58 78.81 78.87 79.97
70% 30% 100% 30% 100% 86.38 86.09 85.91 87.11 87.32 88.10

65% 65% 65% 65% 78.58 77.49 78.89 82.67 81.87 83.22

MM-IMDb
(F1-Macro)

100% 30% 100% 30% 38.65 39.19 38.34 43.24 48.52 49.62
70% 30% 100% 30% 100% 46.63 46.30 47.45 56.03 53.14 54.29

65% 65% 65% 65% 41.28 42.41 42.03 49.24 51.42 52.19

Table 1: Quantitative results on the MM-IMDb, UPMC Food-101, and Hateful Memes datasets with missing rate η = 70%
under various modality-missing scenarios. Bold numbers indicate the best performance.

Baselines
We benchmark against five state-of-the-art multimodal mod-
els:
• Ma Model (?) combines VILT pre-training with multi-

task learning and algorithmic modality fusion.
• MPVR (?) enhances pre-trained VILT with missing-

aware prompts in its transformer architecture.
• MSPs (?) introduces modality-specific prompts and em-

ploys an orthogonal loss term.
• MMP (?) integrates parameter-efficient fine-tuning of

unimodal models with self-supervised joint-embedding
learning.

• DCP (?) adapts large pretrained multimodal models for
missing modality scenarios by leveraging correlations
between prompts and input features, inter-layer prompt
relationships, and complementary modality semantics.

Implementation Details
Input & Feature Extraction: We apply standard data
augmentation techniques to images, including horizontal
flipping, rotation, color adjustment, random cropping, and
Gaussian blur. For text augmentation, we utilize GPT-4o (?)
to generate synonyms. Feature extraction is performed us-
ing a frozen CLIP-ViT-Large-Patch14 (?) backbone. The
Prompt Attention mechanism employs 4 attention heads.
Detailed hyperparameters are provided in the Appendix.
Missing Modality Settings: By following the work in
MPVR, we define the missing rate η = 1 − Nc

N where
Nc is the number of samples with both modalities and N
is the total sample size. For balanced scenarios, we retain(
100− η

2

)
% of each modality; for single-modality scenar-

ios, we keep 100% of one modality and (100− η)% of the
other, with at most one modality missing per sample.
Training Configuration: Our model trains directly under
missing data conditions without complete-data pre-training.
Each prompt pool contains 4 prompts (length ℓp = 16, ini-
tialized with N (0, 0.02)). Using Adam optimizer (?) (batch
size 64, temperature parameter τ = 0.07, learning rate
1× 10−4). We simulate missing scenarios by randomly dis-
carding modalities at a rate of η = 70% during training,
validation and testing

Main Results
We focus on studying the robustness and generalization abil-
ity of our PROMISE against partial incompleteness in mul-
timodal data.

As shown in Table 1, our proposed PROMISE consis-
tently outperforms all baselines across all datasets and miss-
ing modality configurations. Notably, PROMISE demon-
strates robust performance in the balanced-missing scenario
where each modality is missing 35% of its data, achiev-
ing the highest gains compared to state-of-the-art meth-
ods. The performance patterns also reveal distinct modal-
ity importance across datasets. For instance, PROMISE on
the Hateful Memes dataset benefits significantly from bal-
anced modality information, while it achieves superior per-
formance on UPMC Food101 and MM-IMDb when text
modality is complete, highlighting its crucial role in these
specific tasks.
Different Missing Patterns: While our prior experiment
at a fixed 70% missing rate demonstrates the model’s
potential, it overlooks diverse real-world patterns, such
as complete image absence due to sensor damage. For
a comprehensive evaluation, we assess PROMISE across
three scenarios—missing-image, missing-text, and missing-
both—at missing rates from 10% to 100%. As shown in
Figure 3, this analysis examines the individual and syn-
ergistic contributions of our hierarchical contrastive learn-
ing losses: PROMISE-Full (both losses), PROMISE-FNCL
(FNCL only), and PROMISE-CCCL (CCCL only). Detailed
ablation results are provided in the Ablation Study section.
Missing-image & Missing-text Cases As Figure 3 illus-
trates, the CCCL-only model significantly outperforms the
baseline MPVR, indicating that it enables the model to learn
a more robust representation with missing data through fo-
cusing on intra-modal discriminability. While the FNCL-
only model performs slightly below the full model, its strong
performance underscores the critical role of inter-modal
consistency (FNCL), especially when an entire modality is
completely absent. This suggests that bridging the gap be-
tween modalities becomes even more crucial in such ex-
treme missing data scenarios.
Missing-both Case As shown in Figure 3, the full model
consistently outperforms the FNCL-only model, which in
turn surpasses the CCCL-only model, all exceeding the
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Figure 3: Quantitative results and the chart on the N24News dataset with different missing rates under different missing-modality
scenarios. Each data point on the figure represents that training with are the same 70% missing rate and testing are with η%
missing rate.

baseline across scenarios. The missing-both case introduces
greater complexity, as both modalities may be absent, ex-
acerbating the modality gap. Compared to single-modality
missing cases, the performance gap between the CCCL-
only model and the FNCL-only model widens, highlighting
FNCL’s crucial role in aligning semantics across modalities.
Nonetheless, the CCCL-only model, leveraging intra-modal
discriminability, outperforms the baseline, underscoring our
method’s robustness.

Ablation Study
To evaluate the effectiveness of our proposed PROMISE
framework, we conduct two comprehensive ablation studies:
(1) component-wise analysis and (2) missing rate analysis.

Prompt FNCL CCCL HatefuleMeMes N24News
F1 (%) ACC (%) F1 (%) ACC (%)

✓ ✓ ✓ 66.56 65.47 68.53 68.89
✓ ✓ 60.76 60.41 67.23 67.82
✓ ✓ 58.13 58.01 67.03 67.34
✓ 57.57 57.11 66.01 66.31

56.50 56.89 63.69 64.01

Table 2: Ablation study showing the impact of each
PROMISE component across three datasets, with check-
marks indicating active components in each configuration.

Component-wise Analysis: To comprehensively under-
stand the contribution of each component within PROMISE,
we conducted a detailed ablation study. The results in Ta-
ble 2 show that the full PROMISE framework consistently
achieves the best performance, confirming the benefits of its
integrated design.

The Prompt Attention mechanism provides a solid foun-
dation, enabling the model to reconstruct missing informa-
tion. However, our experiment shows that its full potential is
unlocked only when combined with hierarchical contrastive
learning.

The table reveals that adding either FNCL or CCCL alone
results in only a modest performance increase. The true syn-
ergy emerges when both FNCL and CCCL are employed
together. The combined approach is crucial because it al-

lows the model to simultaneously address inter-modal con-
sistency (via FNCL) and intra-modal discriminability (via
CCCL). Such a dual-level strategy is key to achieving ro-
bust and generalizable representations, especially under high
missing rates, and ultimately leads to the superior perfor-
mance of the full PROMISE framework.
Different rate of missing modality: To further validate
the generalization of our Component-wise Analysis across
varying missing rates, we conduct experiments with missing
rates ranging from 10% to 100% on three different datasets.

Figure 4 illustrates the performance of our PROMISE
method compared to MPVR across various missing rate
scenarios on the N24News, Hateful Memes, and UPMC
Food101 datasets, respectively. Similar trends can be con-
cluded. Across all three datasets and varying missing rates
(from 10% to 100%), PROMISE consistently demonstrates
superior performance. This indicates that our approach
maintains robustness and effectiveness even as the propor-
tion of missing modalities increases, significantly outper-
forming existing baselines in handling data incompleteness.

Parameter Sensitivity
To assess parameter sensitivity in the Prompt Attention mod-
ule of PROMISE, we evaluated the impacts of layer count
and prompt dimension on performance across the Hateful
Memes dataset. As depicted in Figure 5, the analysis ex-
plores configurations spanning 1 to 8 layers and prompt di-
mensions from 16 to 128.
The Effect of Prompt Dimension: Performance exhibits
a non-linear relationship with prompt dimension. Moderate
dimensions, such as 32 or 48, consistently yield strong re-
sults. Performance typically declines beyond 48, potentially
due to increased noise or redundancy. In contrast, smaller
dimensions like 16 can deliver robust outcomes, especially
with 6 layers, highlighting the efficacy of compact represen-
tations.
The Effect of Layer Count: Performance does not in-
crease monotonically with layer count. Optimal results are
achieved at 6 layers with a dimension of 16 (67.17%). Al-
though 1- and 2-layer models generally underperform, a 3-
layer model with a dimension of 16 attains a near-optimal
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Figure 4: Quantitative results and the chart on the N24News, Hateful Memes, UPMC Food101 datasets with different missing
rates. Each data point represents training and testing with the same missing rate η.

Figure 5: Parameter sensitivity study on the number and
length of prompts, using AUROC as evaluation metric on
the Hateful Memes dataset with 70% missing rate in training
and testing.

value of 66.46%. These results indicate that fewer layers,
when combined with suitable prompt dimensions, can pro-
duce competitive performance, thereby reducing compu-
tational overhead without substantial degradation. Models
with 7-8 layers exhibit variable outcomes, suggesting dimin-
ishing returns from additional depth.

Representation Discriminability and Semantic
Consistency
To demonstrate the robustness of the learned representa-
tions, we conducted a t-SNE visualization analysis on four
N24News categories, as shown in Figure 6.

The t-SNE visualization in Figure 6 reveals that our
PROMISE approach successfully disentangles the latent em-
beddings across different categories, achieving superior per-
formance compared to the image-only baseline (Lower-
Bound). Remarkably, PROMISE attains comparable embed-
ding separation using only 30% text data combined with

Fashion & Style Theatre Food Health

(a) LB (b) 30%text + 100%image (c) UB

Figure 6: t-SNE comparison on the N24News dataset: (a)
Lower bound (image-only), (b) PROMISE (100% image +
30% text), (c) Upper bound (full data).

100% image data, matching the performance of our Upper-
Bound model that utilizes complete modalities (100% image
and 100% text). These results validate PROMISE’s effec-
tiveness in leveraging limited cross-modal information and
its robustness under severe modality missingness scenarios.

Conclusion
We proposed PROMISE, a novel framework that combines
Prompt Attention mechanism with hierarchical contrastive
learning to address missing modalities in multimodal tasks.
By generating trainable modality-specific prompts and en-
forcing cross-modal consistency through dual-level con-
trastive learning, our approach significantly outperforms
state-of-the-art methods on benchmark datasets. Experi-
ments demonstrate PROMISE’s robustness even at high
missing rates, maintaining semantic consistency between
available and missing modalities.
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