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Abstract. Existing multimodal visual recognition methods addressing
missing modalities have achieved great progress, mainly based on the
feature reconstruction framework. However, feature reconstruction often
introduces distribution inconsistency between synthesized and real fea-
tures. Considering each modality as a different view of the same instance,
each view is noisy and incomplete, but important representations, such as
semantic details, tend to be shared between all modalities. Thus, we pro-
pose that AlignPrompt alleviates the distribution inconsistency problem
by completing and aligning the semantic representation between synthe-
sized and non-missing prompts. AlignPrompt is an instance-level prompt,
implemented via a modal-shared-specific structure including a modal-
shared factor and a modal-specific factor. Specifically, for each modality
pair, AlignPrompt aligns modality-specific factors of all modalities in a
shared space by the modal-shared factor as an anchor, and completes
the semantic representation by maximizing the mutual information be-
tween the synthesized factor and the non-missing factor. Besides, we also
propose HyperPrompt to globally regulate the association of prompts
of each layer based on different modalities missing scenarios: it trans-
fers global prompts across layers by the inter-layer modules generated
from an independent network. This collaborative prompts framework
achieves state-of-the-art performance on multiple multimodal classifica-
tion datasets while maintaining parameter efficiency.

Keywords: multimodal learning · prompt learning · missing modality

1 Introduction

Large-scale visual-language models (VLMs) [17, 21, 27] excel at multiple tasks,
but their performance typically relies on complete, paired inputs. However,
in real-world scenarios, data is often incomplete due to sensor failures, pri-
vacy concerns, or acquisition costs. The missing modality problem causes sharp
⋆ Corresponding author.
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Fig. 1: Comparison of previous methods and our two prompts for missing modalities.
(a) The feature reconstruction method [10, 30] predicts missing features but suffers
from distribution inconsistency. (b) Our AlignPrompt aligns and completes instance-
level semantics at the prompt level. (c) Previous correlated prompts [11] share mappers
across missing types, causing interference. (d) Our HyperPrompt uses a missing-type-
aware hypernetwork to generate per-layer mappers for prompt transfer. (e) Parameter-
matched comparison of our method with MMP [20] and DCP [11] on MM-IMDb [1].

performance degradation and poses a critical bottleneck to practical deploy-
ment [11,20,24,35].

The missing modality problem means that subsets of input modalities (image
and text in this work) may be missing during model training and testing [20].
The common and intuitive approach is to reconstruct the missing modality us-
ing features from the available modalities [10, 30] (see Fig. 1 (a)). But these
methods often suffer from distribution inconsistency between synthesized and
real features, which stems from the following two core issues. When predicting
missing modal features from available modalities, the inter-modality mapping
is often non-deterministic (e.g., a single text can correspond to many plausible
images) [3, 42], and an inherent modality distributions gap [22]. Consequently,
the feature reconstruction method is unstable.

Existing methods attempt to solve this problem by leveraging the distribution
relationships learned from complete modal pairs, such as applying distribution
constraints to the reconstructed features [28, 29, 31, 34], or generating aggrega-
tions from the visible modality to align the modality distributions [9,23,25,32].
Despite their success, these methods still struggle with the distribution inconsis-
tency problem, bounded by inter-modality non-deterministic mapping and the
modality distribution gap.

To avoid the distribution inconsistency caused by feature reconstruction, we
treat the semantic representation as modality-invariant information and address
the modality missing problem from the perspective of information consistency
between modalities’ prompts, thereby avoiding unstable feature reconstruction.
We propose AlignPrompt, a novel strategy that directly completes and aligns
the semantic representation of modality pairs with the prompt guidance. Align-
Prompt is an instance-level prompt, consists of a modal-shared factor and a
modal-specific factor. As shown in Fig. 1 (b), for each imodality of one instance,
we generate an AlignPrompt and align them via the modal-shared factor in
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a shared low-rank subspace, which alleviates the inter-modal distribution gap.
Then, we use the semantic representation of the non-missing modality to synthe-
size the modal-specific factor of the missing modality by maximizing the mutual
information between the synthesized factor and the non-missing factor.

In addition to the instance-level guidance, we also propose a global-level Hy-
perPrompt, providing instance-agnostic, global guidance based on the modality
missing scenario. We use this prompt to adapt the model to different modality
missing scenarios and to control the associations among prompts of different lay-
ers. As shown in Fig. 1 (d), our HyperPrompt employs a shared hypernetwork [8]
to generate dynamic, per-layer mappers. These mappers are conditioned on the
missing-type scenario, enabling associative control of global prompt information
across the layers.

Our approach is fundamentally different from conventional feature recon-
struction [10, 30]. We are the first to perform mutual information completion
on the model’s prompt guidance. During training, we assume one modality is
missing on the complete prompt pair, and supervise the completion using the
real prompt, ensuring consistency with the distribution of the real prompt while
preserving the semantic representation of the non-missing modality.

Recently, some methods [12, 14, 45, 46] also try prompt tuning to solve the
modality missing problem, offering a lightweight alternative. They apply static,
layer-independent prompts [20] or inter-layer correlations [11]. Despite their suc-
cess, they typically lack a missing-type-aware and effective information transfer.
For example, as shown in Fig. 1 (c), DCP [11] fails to prevent interference be-
tween prompts for different modality missing types, limiting their robustness on
different missing types scenarios. Our HyperPrompt uses a hypernetwork based
on modality missing type to control the information transfer across layers to
improve robustness. Our main contributions are:

– We propose a collaborative prompts framework that combines instance-level
semantic completion with global prompt information transfer across layers
for missing modality robustness.

– We introduce a novel completion mechanism on prompts, completing the
semantic representation of the missing modality to avoid the distribution
inconsistency of feature reconstruction.

– We design a missing-type-aware transfer mechanism, using a hypernetwork,
to adaptively control the associations among different layers.

– Our method achieves SOTA performance on multiple benchmarks while
maintaining high parameter efficiency.

2 Related Work

Robustness to Missing Modalities. Prior work addressing this problem is
divided into two main strategies. The first is feature-level completion or recon-
struction. MMIN [44] uses cascade autoencoders to reconstruct latent features,
DiCMoR [34] uses normalizing-flow-based to enforce distribution consistency be-
tween restored and real features, and MMPred [16] predicts the embeddings of
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missing modality. As argued in the introduction, these methods, while effec-
tive, are suffer from distributional inconsistency [34]. This dilemma stems from
non-unique mapping and the distribution gap between modalities.

The second strategy learns robust representations without explicit recon-
struction. SMIL [25] applies Bayesian meta-learning. ShaSpec [32] learns shared
versus specific by factorizing the model into shared and modality-specific parts.
TATE [40] leverages missing type priors as input to guide the model. While in-
novative, these approaches often require specialized architectures or full model
fine-tuning, which can be resource-intensive.

Our work aims to avoid both issues. Our AlignPrompt module recovers se-
mantic information of missing modality (not features) in the prompt space,
thereby avoiding the dilemma for feature-level reconstruction.
Parameter-Efficient Prompt Learning. Prompt tuning is a lightweight and
effective alternative. This field has evolved from text-only prompts (e.g., CoOp
[46], CoCoOp [45], and their variants [38,47]) to coupled vision-language prompts
(MaPLe [14]) and other parameter-efficient decoupling designs (DePT [41], TCP
[39], LPI [37]).

When applied to missing modalities, MMP [20] introduced the missing-aware
prompts to handle diverse missing-modality cases. DCP [11] advances this con-
cept by modeling inter-layer correlations. However, these methods address only
part of the problem. Their mechanisms are typically static or locally adaptive,
lacking the unified, missing-type-aware control signal identified in our introduc-
tion as a gap. While more recent works like SCP [26] (using semantic memory) or
DisPro [36] (using distillation) are more adaptive, their focus is on sample-level
adaptation. They do not provide an explicit mechanism to globally control the
network’s information flow based on the missing scenarios. Our HyperPrompt
provides a global and hierarchical control mechanism to address this gap.

3 Method

Problem Definition. For simplicity and without loss of generality, the inputs
of our task are considered as M = 2 modalities m1 and m2 (e.g., image and
text). To be more specific, let D = {Dc, Dm1 , Dm2} be a multimodal dataset.
We set the modality-complete subset as Dc = {xm1 , xm2 , y}, where x denotes
the input and y the label. Dm1 = {xm1 , y} and Dm2 = {xm2 , y} are denoted as
the modality-incomplete subsets, in which one modality is missing (e.g., text-
only or image-only). Such two missing types can appear in both training and
inference periods, and their frequencies may differ. To keep a unified input,
dummy placeholders are used to represent the input of a missing modality.

3.1 Preliminaries

Prompt Learning for Missing Modalities. MMP [20] first addresses missing
modalities via prompt tuning. For a task with multiple modalities, it enumerates
the missing cases (e.g., with M=2: complete, image-only, text-only) and assigns
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Fig. 2: Overview of our framework. (a) Overall architecture. We freeze the im-
age/text encoders and train only light modules. Each layer consumes two prompts: a
blue HyperPrompt and a red AlignPrompt. (b) HyperPrompt. A shared hypernet-
work H takes the missing type τ and the layer ID el as input and outputs a layer-wise
mapper gm,l to generate PHP

m,l . This provides layer-correlated guidance that selects
and passes forward information relevant to the current missing pattern. (c) Align-
Prompt. We factorize the instance prompt into modality-shared and modality-specific
factors. When a modality is missing, a lightweight completer fI→T or fT→I predicts the
missing-side factors from the visible modality and reconstructs P IP

m,l, which are aligned
by the modality-shared factor. (d) Input forms. The inputs include complete samples
Dc = {xI , xT , y}, text-only DT , and image-only DI at training and testing.

a learnable prompt set to each case. For each sample, it selects the matched
prompts for its missing cases. Then, it places them before the input tokens,
which can help MMP to make predictions under corresponding missing settings.

3.2 Overall Framework

We consider two modalities m∈ {I,T} with L-layer encoders and dataset D =
{Dc, DI, DT}, where Dc = {xI, xT, y} and DI, DT are incomplete cases.

As shown in Fig. 2, our framework builds upon the MMP [20] model by intro-
ducing two complementary prompts. (1) HyperPrompt (HyperNetwork-driven
Global Prompt) employs a shared hypernetwork H conditioned on the missing-
type/task embedding τ to generate the parameters of a layer-wise prompt-
transfer module, which then produces prompts PHP

m,l for each layer. This pre-
serves cross-sample adaptability yet confines missing-type perturbations to map-
ping parameters. (2) AlignPrompt (Instance alignment completion prompt)
assigns each instance a low-rank structure comprising modality-shared (cross-
modal) and modality-specific factors. These factors reconstruct to produce our
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AlignPrompt P IP
m,l and align semantics by the anchors - modality-shared factors;

when a modality is missing, a Cross-Modal Completion head C predicts absent
coefficients from the visible side, so the available modality continues to guide
semantics. At each layer, we merge the two into P̃m,l and prepend P̃m,l to the
inputs and intermediate features of both encoders for comparability with prior
placements. We keep the backbone frozen, and only the H, C, and prompts.

3.3 HyperNetwork-driven Global Prompt

To enable the mappers at each layer to distinguish the missing type of the input
and filter the useful information to transfer. We use a shared, missing-type-
conditioned hypernetwork that generates the weights of lightweight, modality-
specific transfer mappers at each layer [11,20]. Our structure follows the hyper-
network recipe [8].

For modality m ∈ {I,T} and layer i (i = 0, . . . , L−1), the following equation
demonstrates the process of the current prompt–feature pair update.(

PHP
m,i−1, Xm,i−1

)
7→

(
PHP
m,i , Xm,i

)
(3)

here PHP
m,i is the prompt for modality m at layer i (generated by the hyper-

network) and Xm,i is the hidden feature of modality m after layer i. We use
a hypernetwork-driven, modality-separate transfer to produce these prompts at
each layer. Let τ be the missing-type/task embedding and ei the layer-id em-
bedding (both learnable). We first fuse the two prompts from the previous layer
via a cross-modal fusion:

p̃(i−1) = concat
(
PHP
I, i−1, P

HP
T, i−1

)
(4)

here PHP
m, i−1 is the per-modality HyperPrompt used for fusion at layer i−1; p̃(i−1)

matches the mapper input width.
We then obtain the layer-i HyperPrompt for modality m using a modality-

specific mapper Gm,i. Its parameters come from the shared hypernetwork H,
conditioned on τ , and ei; [· ∥ ·] denotes concatenation:

PHP
m,i = Gm,i

(
p̃(i−1); H

(
[τ ∥ ei ]

))
, m ∈ {I,T}. (5)

Both modalities share H but use their own Gm,i; each Gm,i is a two-layer bot-
tleneck MLP with LayerNorm (choose a hidden-width reduction ratio r, e.g.,
r=1/16).

3.4 Instance Alignment Completion Prompt

Our Instance Alignment Completion Prompt (AlignPrompt) aims to avoid the
distributional inconsistency of feature reconstruction. It employs a low-rank
modal-shared-specific structure [18,37] to align modal-specific factors and com-
plete missing modal prompts by maximizing the mutual information between
the predicted factor and the available one.
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Low-rank Instance-Alignment Structure. Let K denote the prompt length
and let dm be the embedding size of the Modal m branch. We parameterize the
layer-0 prompt with a rank-R form consisting of a shared factor B ∈ RK×R (a
learnable parameter shared across modalities/instances) and modality-specific
factors C(m)(x) ∈ Rdm×R that depend on the input x.

The sharing factors are initialized randomly, and the modality-specific factors
are produced from self-attention over shallow features Xm,0(x):

C(m)(x) = reshape
(
SelfAtt

(
Xm,0(x)

))
∈ Rdm×R (6)

The layer-0 instance prompt is reconstructed in this low-rank form and injected
by prepending a prompt of length K to the modality-m sequence (same place-
ment as Sec. 3.3):

P IP
m,0(x) =

R∑
r=1

B:,r C
(m)⊤
:,r (x) = BC(m)(x)⊤ ∈ RK×dm (7)

We apply this construction only at the input layer; for the deeper layers, the
prompts are inherited from the previous layers and updated together with inter-
mediate features.
Completion via Maximum Mutual Information. Following Information
Maximization [2], we start from the Barber–Agakov (BA) lower bound on mutual
information:

I(Z;Y ) ≥ Ep(z,y)
[
log qψ(y | z)

]
+H(Y ) ≜ LBA. (8)

here I(Z;Y ) is the mutual information between the Z and Y . H(Y ) quantifies
the uncertainty of the prediction target Y before observing Z and it is determined
by the data distribution p(y). The term Ep(z,y)[log qψ(y | z)] is the expected
conditional log-likelihood of the observed Y given Z; maximizing it improves
the accuracy of predicting Y from Z.

For a modal-complete pair (xI, xT) at input layer, we assume one of them
is missing. For example, we set Z = C(m)(x) ∈ Rdm×R and Y = C(m̄)(x) ∈
Rdm̄×R, where m∈{I,T} indexes the complete side and m̄ the missing side. We
directly predict the missing-side factor from the complete-side factor using two
lightweight completion heads. The two-layer MLP is applied along the rank axis
so that each column C(m)(x):,r∈Rdm maps to Ĉ(m̄)(x):,r∈Rdm̄ for r = 1, . . . , R:

Ĉ(T)(x) = fI→T

(
C(I)(x)

)
, Ĉ(I)(x) = fT→I

(
C(T)(x)

)
(9)

We then parameterize the BA term with a diagonal-Gaussian conditional on
Y . Let M ≜ Ĉ(m̄)(x) ∈ Rdm̄×R denote the completion produced by the MLP
head, and let V ≜ σ2

ψ

(
C(m)(x)

)
∈ Rdm̄×R

+ denote the entry-wise variance pre-
dicted by a small variance head with softplus to ensure nonnegativity. The fac-
torized Gaussian can be expressed as:

qψ
(
C(m̄)(x)

∣∣C(m)(x)
)
=

dm̄∏
i=1

R∏
r=1

N
(
C

(m̄)
i,r (x) ; Mi,r, Vi,r

)
, (10)
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At inference, we use the completion head’s output, as the completed factor.
Next, we reconstruct the full K-length prompt by composing the shared factor
B∈RK×R with the modality-specific factors C(m̄)(x) and Ĉ(m̄)(x).

P̂m̄,0(x) = B Ĉ(m̄)(x)⊤, Pm̄,0(x) = BC(m̄)(x)⊤, (11)

both in RK×dm̄ .

LrecP =
∥∥P̂m̄,0(x)− Pm̄,0(x)

∥∥
1
. (12)

Lmom =
∥∥meanK(P̂m̄,0)−meanK(Pm̄,0)

∥∥2
2
+
∥∥varK(P̂m̄,0)− varK(Pm̄,0)

∥∥
1
.
(13)

As shown in Algorithm 1, when training, for complete samples, we simulate
one side as missing and predict the missing-side factor by the complete-side fac-
tor(detached). We evaluate (8) with Z = C(m)(x) and Y = C(m̄)(x), and apply
(12)–(13). On truly missing-modality samples, we inject P̂m̄,0(x) downstream
and train only with the CLIP-style contrastive objective on available pairings.
The overall objective is

L = λBA ·
(
− LBA

)
+ λrecPLrecP + λmomLmom + LCLIP, (14)

where λ{·} balances the terms; BA losses are enabled only when both modalities
are present.

4 Experiments

Datasets. Following prior works [11,20] on missing-modality multimodal recog-
nition, we evaluate on three classification datasets using their official splits and
metrics.

MM-IMDb [1] pairs each movie poster with its plot synopsis and targets
multi-label genre prediction (23 genres). The corpus contains 25,959 movies with
an official stratified split of 15,552 train, 2,608 validation, and 7,799 test exam-
ples. We follow the common protocol and report Macro F1 on the multi-label
classification task.

UPMC Food-101 [6] is a large-scale image–text collection for food recogni-
tion (classification), aligned to the same 101 categories as ETHZ Food-101 [4].
Each sample consists of a food image and the HTML page it was crawled from
(recipe/title text). We use the official split with 67,988 training and 22,716 test
pairs and report top-1 accuracy.

Hateful Memes [15] is a binary meme classification benchmark designed to
require joint image–text reasoning. The challenge set contains over 10K newly
created memes and includes “benign confounders” that flip the label when only
one modality is considered. We use the official splits (8,500 train, 500 dev, 1,000
test); the dev and test sets are balanced. Following prior work, we use AUROC
as the primary metric.
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Table 1: Comparison with CoOp [46], MMP [20], MaPLe [14], DePT [41], and DCP [11]
on MM-IMDb [1], Food101 [6], and Hateful Memes [15] under various missing-modality
cases with different missing rates. ↑∆ denotes the gain of Ours over the baseline MMP [20].

Datasets Missing
rate η

Train/Test Validation set Testing set

Image Text CoOp MMP MaPLe DePT DCP Ours CoOp MMP MaPLe DePT DCP Ours

MM-IMDb
(F1-Macro)

50%
100% 50% 51.23 52.07 52.76 53.87 55.23 56.62↑4.55 48.06 48.88 49.58 50.64 52.13 55.77↑6.89

50% 100% 53.04 54.52 55.26 56.04 57.32 57.61↑3.09 49.89 51.46 52.32 52.78 54.32 57.39↑5.93

75% 75% 51.46 52.12 52.87 54.02 55.45 57.65↑5.53 48.37 49.32 49.56 50.87 52.32 55.85↑6.53

70%
100% 30% 47.26 48.23 48.75 49.87 51.35 53.31↑5.08 44.13 45.64 45.52 46.38 48.52 52.28↑6.64

30% 100% 52.32 53.21 53.98 55.04 56.21 56.28↑3.07 48.82 50.52 50.64 52.13 53.14 56.92↑6.40

65% 65% 50.22 51.34 52.31 53.17 54.24 54.97↑3.63 46.84 48.12 49.16 50.32 51.42 53.89↑5.77

90%
100% 10% 47.86 48.84 50.12 50.98 52.36 51.79↑2.95 44.76 45.32 46.84 47.56 49.26 49.55↑4.23

10% 100% 51.65 52.36 53.14 54.12 55.42 54.55↑2.19 48.32 49.12 50.13 50.88 52.22 54.74↑5.62

55% 55% 47.44 48.04 48.82 49.98 51.26 52.43↑4.39 44.12 44.87 45.12 46.54 48.04 52.67↑7.80

Food101
(Accuracy)

50%
100% 50% 77.36 78.24 79.87 80.24 82.33 84.07↑5.83 77.45 77.89 79.64 80.16 82.11 83.59↑5.70

50% 100% 86.98 87.12 87.48 87.85 89.23 89.40↑2.28 87.02 87.16 87.35 82.14 89.12 89.28↑2.12

75% 75% 81.76 81.98 82.58 83.26 85.25 85.79↑3.81 81.24 81.72 82.34 83.12 85.24 85.67↑3.95

70%
100% 30% 76.65 76.74 76.87 76.87 79.18 80.96↑4.22 76.34 76.52 77.02 77.34 78.87 84.05↑7.53

30% 100% 85.21 86.12 86.36 86.52 87.53 87.73↑1.61 84.78 85.64 85.89 86.12 87.32 87.46↑1.82

65% 65% 79.14 79.56 80.06 81.85 82.38 83.56↑4.00 78.87 79.12 79.84 81.46 81.87 83.35↑4.23

90%
100% 10% 72.65 73.74 73.25 74.22 75.54 77.97↑4.23 71.87 73.14 73.46 74.12 75.26 77.87↑4.73

10% 100% 82.16 82.78 83.42 84.02 86.26 86.82↑4.04 81.67 82.14 83.12 83.56 85.78 85.97↑3.83

55% 55% 77.36 77.78 78.26 78.66 80.39 81.70↑3.92 76.46 76.58 77.85 78.12 79.87 80.52↑3.94

Hateful
Memes
(AUROC)

50%
100% 50% 58.32 58.56 58.78 59.31 60.24 65.81↑7.25 60.56 60.31 60.87 61.87 62.32 70.71↑10.40

50% 100% 60.34 61.12 61.34 61.78 62.34 63.35↑2.23 62.41 62.35 63.13 63.88 64.46 66.51↑4.16

75% 75% 62.34 62.87 63.14 63.24 63.78 65.65↑2.78 64.87 65.84 65.46 65.86 66.02 67.81↑1.97

70%
100% 30% 58.54 59.02 59.36 60.02 60.56 65.57↑6.55 60.74 61.12 61.26 61.56 62.82 69.56↑8.44

30% 100% 60.12 60.78 61.32 61.54 62.32 63.24↑2.46 62.74 63.24 63.14 63.48 64.12 67.80↑4.56

65% 65% 62.34 62.56 63.12 63.32 63.78 65.17↑2.61 64.82 65.04 65.23 65.48 66.08 66.62↑1.58

90%
100% 10% 58.02 57.34 58.32 59.02 60.34 63.34↑6.00 60.03 57.21 60.74 61.14 62.08 67.86↑10.65

10% 100% 59.02 59.32 60.21 60.56 61.34 62.52↑3.20 61.46 61.52 61.87 62.42 63.87 64.52↑3.00

55% 55% 62.32 62.56 63.24 63.78 64.34 64.73↑2.17 64.32 63.13 64.85 65.37 66.78 67.32↑4.19

Implementation Details. Following prior prompt-based approaches for missing-
modality recognition [11,20,43], we use a frozen CLIP backbone with a ViT-B/16
image encoder and a Transformer text encoder [5, 27]. Images are resized to
224×224 and tokenized into 16×16 patches; texts are processed by the CLIP tok-
enizer with a maximum length of 77 tokens. Unless otherwise specified, backbone
parameters are kept frozen, and we only optimize the task head and learnable
prompts. In line with [11], we prepend prompts of length Lp=36 to features at
M=6 selected transformer layers. For missing inputs, we skip the corresponding
encoder and substitute a zero-filled feature tensor as in [11]; for reference, [20]
uses blank-text / uniform-image dummies with similar effect at the feature level.
Optimization follows prompt-learning baselines [11, 20]: Adam-type optimizer
with a short warm-up (10% of steps) and linear decay (default learning rate
1×10−2 and weight decay 2×10−2 unless noted).

Metrics. We follow the metrics used in prior studies [11, 20]. On MM-IMDb,
we report macro-F1 for multi-label genre prediction [1]. On UPMC Food-101 we
report top-1 accuracy for 101-way classification [4, 33]. On Hateful Memes, we
use AUROC as the primary score following the challenge protocol [15].



10 H. Fan et al.

Algorithm 1: Our mask training algorithm with MI.
Input : Batch {(xI, xT)}; mask M ∈ {Complete, I-only,T-only}.
Output : Updated completion heads and qψ.

1 Factorize: C(I), C(T) ← SelfAttn(XI,0, XT,0) // specific factors
2 if M = Complete then
3 Sample a missing direction m ∈ {I-only,T-only} // mask training
4 if assume m = I-only then
5 Ĉ(T) ← fI→T

(
C(I)

)
;

6 compute LBA (Eq. (8)) // complete T

7 P̂T,0←BĈ(T)⊤, PT,0←BC(T)⊤

8 else if assume m = T-only then
9 Ĉ(I) ← fT→I

(
C(T)

)
;

10 compute LBA (Eq. (8)) // complete I

11 P̂I,0←BĈ(I)⊤, PI,0←BC(I)⊤

12 Compute LrecP,Lmom and LCLIP
13 else
14 Ltask ← LCLIP

15 Update completion heads and qψ by minimizing the total loss L (Eq. (14))

Setting of Missing Modality. We evaluate models when any modality may
be absent during training or testing [11,20]. Let η be the proportion of modality-
incomplete samples. For vision–language tasks, we consider three cases: missing-
text, missing-image, and missing-both. With rate η, the first two correspond
to η portion text-only (or image-only) plus (1 − η) portion complete pairs; for
missing-both, the mix is η/2 text-only, η/2 image-only, and (1−η) complete pairs.
Unless stated otherwise, we set η=70% following prior work [11,20]. This protocol
naturally extends to M modalities by distributing the incomplete portion across
single-modality-missing patterns and leaving (1−η) for complete samples [11,20].

4.1 Comparison with other methods

In Tab. 1, we conduct experiments on three widely used datasets to validate the
effectiveness of our method in various missing-modality scenarios. To compre-
hensively evaluate our method, we conduct extensive experiments across vari-
ous missing-modality scenarios on three standard benchmarks: MM-IMDb [1],
UPMC Food-101 [6], and Hateful Memes [15]. We compare our method against
a suite of state-of-the-art baselines, namely CoOp [46], MMP [20], MaPLe [14],
DePT [41], and DCP [11]. The evaluation protocol assesses performance under
three missing data rates (η = 50%, 70%, and 90%) for scenarios involving missing
text, missing images, or missing both modalities.

As evidenced by the results in Tab. 1, our method establishes a new state-of-
the-art, consistently outperforming all baselines across a diverse range of missing-
modality scenarios. On the MM-IMDb [1], Food101 [6], and Hateful Memes [15]
datasets, our average performance improved over DCP [11] by 3.08, 1.37, and
3.35, respectively. Notably, our method achieves significant performance gains
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Fig. 3: An ablation study assessing the robustness of our proposed model to missing
modalities on the MM-IMDb [1] Test set. We compare our full model (’Ours’) with (1) a
naive baseline that discards features from absent modalities; (2) an intermediate version
equipped only with HyperNetwork-driven Global Prompts (’A’); and (3) a version only
with Instance Alignment Completion Prompt (’B’). All models are evaluated under
three distinct scenarios—missing image, missing text, and missing both—across a full
spectrum of data missingness rates (10% to 100%).

over the previous leading method, DCP [11]. A deeper dive into the results reveals
distinct modality impacts contingent on the dataset. For instance, performance
on MM-IMDB [1] and Food101 [6] is more severely affected by text removal,
likely due to their dependence on semantic cues. In contrast, Hateful Memes [15]
experiences a greater performance drop from image removal, showing the differ-
ential importance of missing type. This observation validates the importance of
the core design of our method: the adaptive modal fusion mechanism based on
missing type, and the Prompt-level modal information completion mechanism.
We also compared our method with the feature-based reconstruction method in
Tab. 4 when the image missing rate on MM-IMDb was 0.5, which shows our
method significantly outperformed the feature reconstruction method.

4.2 Ablation Study

Effectiveness of Proposed Prompts. As shown in Fig. 3, we train a single
model under the 70% missing-both setting and evaluate on three test scenar-
ios (both/image/text missing) over 10–100% missing rates. The baseline in Fig.
3 fine-tunes only the classifier using frozen encoders and achieves much lower
performance. This result shows the inherent limitations of a static feature ex-
traction model that cannot adapt to input with missing modality. Our proposed
models consistently outperform the baseline across all rates and scenarios, with
a smoother degradation at high missing rates. A (HyperNetwork-driven Global
Prompt) provides structural guidance. It generates per-layer mappers based on
the missing type, which helps stabilize features at high missing rates. B (Instance
Alignment Completion Prompt) recovers instance-level semantics for the missing
modality using the visible one. This method performs best at mild-to-moderate
missing rates. As the missing rate increases, the performance gap between B
and A narrows. This suggests a shift in reliance from semantic completion (B)
to structural robustness (A). Furthermore, combining both components achieves
the best performance in all scenarios.
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Fig. 4: t-SNE on MM-IMDb [1]. Our
AlignPrompt (A: blue circles for image, or-
ange crosses for text) forms tighter and
more co-located image/text clusters than
the common prompt (B: green triangles for
image, red pluses for text), which verifies
the alignment effect of the shared factors.

Fig. 5: KL on MM-IMDb [1]. For image-
missing samples in the Validation set, we
compare the KL divergence between pre-
dicted logits distributions and the real
modality. Our prompt completion method
(y-axis) yields lower KL than feature re-
construction (x-axis) on 75.5% of samples.

Table 2: Analysis of HyperPrompt and its ef-
fectiveness in preventing crosstalk (via CKA) on
MM-IMDb [1].
Modules F1-Macro (%)

Correlated Prompt [11] 53.41
HyperPrompt (w/o Missing type) 53.79
HyperPrompt (w Missing type) 54.32

CKA Similarity (%) Missing type
Layer w/o w

Layer4 68.34 77.99
Layer5 78.27 83.14
Layer6 31.13 52.01

Analysis for HyperPrompt.
As shown in Tab. 2, the upper
block compares three prompting
modules’ results on MM-IMDB
[1]: DCP’s Correlated Prompt,
our HyperPrompt (w/o Miss-
ing type), and our HyperPrompt
(w Missing type). Adding the
missing-type condition yields the
best F1-Macro, indicating that
conditioning on the missing pat-
tern consistently benefits multimodal classification. The lower block analyzes
the TXT-missing case: for the image side, it reports CKA(%) [19] between the
input-layer prompt and the mapper outputs at Layers 4/5/6. Across layers, the w
(with missing type) column typically shows higher CKA (Centered Kernel Align-
ment) than w/o, implying that the conditional hypernetwork better preserves
the useful structure of the input prompt and suppresses cross-prompt interfer-
ence during mapping. CKA is a representation-similarity metric that compares
the sample-similarity structures of two representations.
Analysis for AlignPrompt. In Fig. 4, the t-SNE on MM-IMDb [1] shows
that our AlignPrompt forms tighter, co-located cross-modal clusters than the
common prompt, demonstrating stronger image–text alignment of AlignPrompt
on semantic representation. As shown in Tab. 3 compared with Dynamic Prompt
[11], our two single-module variants (w/o Low-rank Instance Alignment and
w/o MI Completion) improve F1-Macro by about 0.5 and 0.9. Removing either
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Fig. 6: We performed ablation studies of generalizability on the test set of the MM-
IMDb [1] dataset to assess model generalizability across various testing scenarios with
differing missing modality rates. (a) Models were trained on data where either modality
could be absent and were then evaluated under the same conditions across a spectrum
of missing rates. (b) Models trained under either the ’missing-both’ or ’missing-image’
paradigms were evaluated on text-only test cases at various missing rates. (c) Models
trained on ’missing-both’ or ’missing-text’ data were assessed on image-only test cases
across different missing rates.

Table 3: Analysis of AlignPrompt: Abla-
tion of Low-rank alignment and MI comple-
tion in AlignPrompt on the MM-IMDb [1].

Modules F1-Macro

AlignPrompt (w/o Alignment) 53.89
AlignPrompt (w/o MI Completion) 53.47
AlignPrompt (w/o Both) 53.01
AlignPrompt 54.32

Table 4: Compare our method with fea-
ture reconstruction methods on MM-
IMDb [1] of 0.5 images missing rate.

Methods F1-Macro

MMIN [44] 49.56
DiCMoR [34] 43.71
Knowledge Bridger [13] 51.95
Ours (only AlignPrompt) 55.89
Ours 57.39

module from the full AlignPrompt leads to about a 0.4 and 0.9 drop, and the
full model achieves the best score.

Fig. 5 shows a paired Logit-KL scatter on MM-IMDb [1] image-missing val-
idation samples. For each sample, we compute the KL divergence to the real-
modality (full-modality) prediction using the classifier output logits z, and com-
pare Feature Reconstruction (x-axis) with our prompt completion (y-axis) (lower
is better). Points below the diagonal y = x indicate that our prompt completion
method is closer to the real-modality prediction in the decision space. 75.5% of
samples lie below the diagonal, indicating that our prompt completion method
aligns more closely with the full-modality predictions in the decision space.
Generalizability. In Fig. 6 (a)-(c), we train models under various missing
cases and evaluate them on three test scenarios: missing-both, missing-image,
and missing-text. In all scenarios, our method consistently outperforms the
MMP [20] baseline and is better than DCP [11] over a broad range of missing
rates. When the test case matches the training case, that case-specific model is
slightly stronger than the counterpart trained on missing-both, indicating a tar-
geted benefit. Meanwhile, models trained on missing-both (30/50/70%) transfer
well across all three test cases, showing stable behavior even when one modal-
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ity is always absent. We also observe a rate-robustness pattern: using a higher
training rate (e.g., 70%) tends to slow the performance drop at high test rates,
whereas 30%/50% can be marginally better at lower rates; 50% often provides a
reasonable trade-off. Overall, MMP [20] remains a solid baseline, and DCP [11] is
a competitive method. Our results also confirm that training on "missing-both"
generally yields robust models for diverse test settings.

Table 5: Results on tri-modal dataset
CMU-MOSI [7].

Dataset Method Double-missing Single-missing

ACC F1 ACC F1

MOSI
MMP 65.23 66.19 73.72 74.03
DCP 70.14 70.87 77.53 77.75
Ours 72.96 73.70 80.41 80.66

Scalability. When our method ex-
tends to M > 2 modalities: (1) Hy-
perPrompt generates layer-wise map-
per weights from a shared hypernetwork
conditioned on a multi-hot missing mask
z ∈ {0, 1}M , so the same formulation
covers simultaneous multi-missing cases
for any M without architectural changes. (2) For AlignPrompt, we apply mean
pooling aggregation to all observed modal-specific factors O = {m | zm = 1}
and predict each missing modality u ∈ U = {m | zm = 0} factor indepen-
dently via a completer: Ĉ(u) = fu

(
Agg

(
{C(m)}m∈O

))
. We further evaluate

on CMU-MOSI [7], a tri-modal benchmark with language, visual, and acoustic
streams. Following the single-missing and double-missing settings, we compare
with MMP [20] and DCP [11] on this dataset of 0.7 missing rate. Tab. 5 shows
that our method consistently achieves the best performance across both missing
patterns, verifying stable gains when extended to three modalities.

Table 6: Parameter-matched perfor-
mance comparison on the MM-IMDb
[1] test set.
Params 2.8M 4.0M 5.2M 6.4M 7.9M

MMP (%) 47.87 47.58 47.33 47.45 47.21
DCP (%) 50.95 51.18 51.32 51.58 51.37
Ours (%) 53.18 53.34 53.49 53.85 54.32

Parameter-Matched Comparison. In
the Tab. 6, we compare MMP [20], DCP
[11], and our method under comparable
parameter budgets on the MM-IMDb [1]
test set. Although our trainable parame-
ters are mainly introduced by the hyper-
network and completer modules, both are
bottleneck-designed and remain lightweight (5.6M trainable parameters, i.e.,
3.8% of the 149M frozen CLIP backbone). Across all parameter budgets (2.8M–
7.9M), our method consistently outperforms MMP [20] and DCP [11], verifying
that the gain mainly stems from the proposed design rather than extra param-
eters.

5 Conclusion

This work addresses a critical gap in missing modality robustness by replacing
costly, unstable feature reconstruction with prompt-level semantic information
completion. Furthermore, we apply a missing-type-aware hypernetwork to pro-
vide global hierarchical control. Experimental results validate this dual-prompt
framework, which achieves state-of-the-art performance on several benchmarks.
Thus, this work establishes an efficient and robust direction for adapting VLMs
to real-world data.
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