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Abstract

Multimodal remote sensing image joint classification has
achieved significant progress. However, existing methods
primarily focus on designing modality-specific networks,
lacking adaptive generalization capabilities in diverse and
dynamic modality combinations encountered in real-world
scenarios. Leveraging vision foundation models pretrained
on large-scale natural image datasets with proven effec-
tiveness in heterogeneous downstream tasks, we propose a
unified Text-guided Arbitrary Modality Prompt Tuning (T-
APT) framework, which leverages complementary fused fea-
tures to drive the foundation model and employs text-guided
modality-specific prior knowledge as cross-modal prompts
to fine-tune a pretrained Vision Transformer (ViT) model.
Specifically, a Mamba-Based Arbitrary Modal-Focused Fea-
ture Capture (MAMF-FC) module is designed to extract com-
plementary joint features and modality-specific prior knowl-
edge from arbitrary modalities through a shared-specific
scanning encoder-decoder architecture. Subsequently, a Text-
Guided Modality-Aware Prompt Tuning (TMPT) module
is proposed to support the adaptation of fused features to
the foundation model, enabling our arbitrary remote sens-
ing image classification task. Extensive experiments on pub-
lic datasets spanning multispectral (MS), hyperspectral (HS),
light detection and ranging (LiDAR), and synthetic aper-
ture radar (SAR) modalities demonstrate that our T-APT
achieves classification performance comparable to special-
ized networks across arbitrary modal combinations. The code
is available at https://github.com/Jiahuiqu/TAPT.

Introduction

Joint classification of multi-source remote sensing images is
an important research direction. Thanks to the development
of sensing technology, multi-source remote sensing image
classification technology has made great progress, and its
application in the fields of environmental monitoring(Hu
et al. 2023), disaster monitoring(Zhao et al. 2024) and so
on has become more and more important. In previous work,
researchers have achieved success in designing modality-
specific dedicated networks. However, in real-world scenar-
ios, the combination of modalities is flexible, as shown in
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(a) Conventional methods in different situations (b) Our method
Figure 1: Comparison between conventional methods and
our method, # represents the correspondence relationship
between model and dataset. (a) Specific design methods in
different situations. (b) Our proposed T-APT qdapts to arbi-
trarily datasets with different modality combinations.

Figure 1, in remote sensing data, models for specific modal-
ity combinations may not be able to adapt to specific feature
structures when redeployed to new combinations, which can
lead to performance issues or even prevent training. Conse-
quently, the solution of the Arbitrary Modal Joint Classifica-
tion (AMJC) task is crucial.

The core of AMIC lies in effectively extracting com-
plementary information from different modalities and con-
structing a unified feature interpretation method. This re-
quires the model to not only thoroughly understand the spe-
cific and complementary information from different modal-
ities but also to maintain robust generalization capabilities.
Recently, thanks to substantial advances in visual foundation
models, networks trained on massive datasets have demon-
strated powerful feature analysis and generalization capabil-
ities(Han et al. 2024), providing reliable support for down-
stream tasks in remote sensing classification. In our view, for



uncertain or dynamically changing classification scenarios,
designing a new large foundation model holds far less value
than fine-tuning existing foundation models with minimal
parameter updates under resource-constrained conditions to
adapt to specific tasks. The limitations of previous networks
lie in their focus on prompt fine-tuning for single modali-
ties or specific modal combinations rather than generalized
multimodal tasks. Furthermore, for remote sensing image
processing with rich feature properties and significant struc-
tural differences across modalities, relying solely on simple
mapping-based embedding makes it difficult to effectively
extract key features before the frozen net. Moreover, due to
the significant differences between modalities, a unified net-
work may lose information from “’less important” modalities
during training, leading to the modal inertia problem.

To address these challenges, we propose a unified frame-
work text-guided arbitrary-modal prompt tuning (T-APT)
specifically designed for arbitrary-modality remote sens-
ing image classification. The core of this method lies in
fusing complementary multi-modal information and decou-
pling modality-specific features from arbitrary modalities to
learn text-guided visual prompts, thereby enabling the ef-
fective adaptation of multi-modal remote sensing imagery
to foundation visual models. Specifically, we first design a
unified mamba-based arbitrary modal-focused feature cap-
ture (MAMF-FC) module, where a specific-shared inte-
grated Mamba fusion block performs multi-directional scan-
ning over the common spatial domain and modality-specific
channels with linear computational complexity. During this
process, MAMF-FC dynamically interacts with modality-
specific information, enabling unified modeling of both
modality-specific and complementary information distribu-
tions. In addition, we propose an aligned Mamba module
that performs cross-modal scanning to fuse multi-source
data, enhancing fine-grained modality correspondence. The
fused multi-modal information is subsequently fed into a
frozen foundation model, and a text-guided modality-aware
prompt tuning (TMPT) mechanism is proposed to perform
prompt-based fine-tuning, guiding cross-modal information
interaction and enhancing the model’s generalization ability.
Meanwhile, to address the modal inertia challenge arising
from disparate modality contributions in the AMJC task, we
propose a strategy that regulates and guides image prompt
information through dual text feature.

To summarize, the contributions of this work are as fol-
lows:

* We propose a unified fine-tuning model T-APT for ar-
bitrary multi-source remote sensing classification, which
learns complementary and modality-specific features of
multimodal data and fine-tuning the foundation model
for downstream tasks by prompting.

* We design a unified MAMF-FC module, which ob-
tains fused information and modality-specific informa-
tion through an specific-shared integrated Mamba fusion
block structure.

* We develop TMPT, which converts modality-specific in-
formation into text-guided prompt content and introduces
cross-modal prompt information through a modality-
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aware control (MAC) module to guide multimodal inter-
action and model generalization.

* We propose a dual text-guided modality-balanced
prompt generation method, which balances the strength
of different modality-specific data through text guidance,
preserving image modality features while constructing a
unified text modality prompt space.

Related Work
Multi-modal Based Classification in RS

In recent years, with the development of deep learning
techniques, deep learning-based methods for multisource
remote sensing (RS) image classification have been ex-
tensively studied. Wang(Wang et al. 2022a) proposed an
adaptive mutual learning-based multimodal data fusion net-
work (AM3Net), enhancing fusion and classification per-
formance through adaptive mutual learning. Jha(Jha, Bose,
and Banerjee 2023) modeled complex intra- and inter-
modal relationships by integrating memory mechanisms and
quaternion operations, while enforcing global feature con-
sistency through cross-modal contrastive learning (CMCL).
Yang(Yang et al. 2024) utilized textual information to guide
models in learning cross-modal correlations, introducing
a text-supervised mechanism to enhance contrastive fu-
sion networks. Although these methods have successfully
achieved multi-source remote sensing image classification,
the networks are modality-specific and cannot cope with
changing realities.

Prompt Learning

In recent years, prompt learning has made significant
progress in the application of large-scale pre-trained foun-
dation models. These methods optimize the model’s adapt-
ability to specific tasks by introducing learnable prompts,
thereby improving performance on downstream tasks(Dong,
Gu, and Liu 2024). Prompt learning has also been ap-
plied in downstream domains such as medicine(Wu and Xu
2024; Ahmed et al. 2024), remote sensing(Fang et al. 2023;
Liu et al. 2023), and 3D scenes(Zha et al. 2023; Wang
et al. 2022b; Tao et al. 2025). These studies demonstrate
that prompt learning, by introducing more flexible and effi-
cient prompt generation methods, significantly enhances the
adaptability of pre-trained models for specific tasks. It en-
ables models to flexibly adapt to a variety of tasks in differ-
ent input scenarios, providing a promising approach to inte-
grating prompt learning into multimodal learning for solving
the problem of arbitrary modality inputs.

Method
Overview

We denote the dataset of arbitrarily modal for remote sens-
ing images classification by D = {YSXMl,...,XMn7y)},
where the sample in X, € R¥*WxC s a three-
dimensional tensor input, representing the j-th modality data
of the sample, where H is the height, W is the width, and
C} is the number of channels, and y is the category labels.

For different D, the length of X = {X gy, ..., XM, } € D
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Figure 2: Overall architecture of the proposed T-APT. The method consists of two stage:1) Mamba-Based Arbitrary Modal-
Focused Feature Capture. 2) Text-Guided Modality-Aware Prompt Tuning.

(i.e., the number of modalities) may vary, and each X
may also differ. Our goal is to learn an optimal mapping
fo + X — y, which adapts to the diverse number and
compositions of multimodal combinations across different
datasets.

Considering the different data characteristics of uncertain
numbers, the proposed method jointly optimizes f by lever-
aging both complementary and specific information. Dur-
ing the optimization process, complementary information
from different modalities is integrated to enhance the over-
all representation of the foundation model backbone input
data. Additionally, the features of each individual modality
are fully exploited and utilized in forming modality-aware
prompts to fine-tune and compensate for representation bias
due to data imbalance.The ultimate goal is to minimize the
error between predicted and true labels in the f, process
when applying the foundation model to any modal combi-
nation X.

Our overall network is illustrated in Figure 2. We propose
a T-APT model for arbitrary-modality remote sensing im-
age classification, which learns to unifiedly embed comple-
mentary and modality-specific features of multimodal data
and generates modality-aware visual prompt information.
By reintroducing multimodal feature prompts, it achieves
fine-tuning adaptation of the foundation model for down-
stream tasks. Specifically, we design a Mamba-Based Ar-
bitrary Modal-Focused Feature Capture (MAMF-FC) mod-
ule, which extracts and fuses multimodal features through an
encoder-decoder structure. Additionally, we develop a Text-
Guided Modality-Aware Prompt Tuning (TMPT) module,
which constructs a unified prompt space using text guidance
and introduces prompt information through a cross-modal
approach.
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Mamba-Based Arbitrary Modal-Focused Feature
Capture

Traditional methods are usually designed for specific re-
mote sensing modalities, and directly applying them to other
modality combinations may lead to the loss of comple-
mentary information and degraded performance. Leverag-
ing the multi-view relational dependencies of the Mamba
architecture, we propose a unified encoder-decoder mod-
ule, MAMEF-FC, which incorporates a specific-shared scan-
ning structure. This design maximizes the preservation of
modality-specific features while enabling effective cross-
modal interaction. Specifically, given a set of entities X,
for each X ;, the corresponding unified channel feature

HY,, € RT*W*C s first obtained:

HY, = 6(C;,C) (Xm;,) (1)

where ©(-) represents the convolution operation, and the
subsequent specific-shared interleaved Mamba feature for-
ward extraction is a multi-layer process, which can be ex-
pressed as:

HYp = @y (HLY) @)

M
H, =& H a0 H' ;e 3
M; = FSha M; P ZU M; @)

j=1
where Hle represents the features output by the [-th layer

(e {1,2}), Hl/\/‘f; represents the specific coding features
of the j-th modality, ¢ denotes the linear mapping, o repre-
sents the activation function (PReLU is used here), & de-
notes the addition operation, ®gpe(-) and Pgpe(-) repre-
sent the specific and shared Mamba(Liu et al. 2024) blocks.
®gpq(-) captures modality-common information through
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Figure 3: The structure of proposed Mamba-based Fusion process.

spatial multi-directional scanning, while ®g,.(-) introduces
channel scanning to extract unique characteristics.

As shown in Figure 3, the Mamba-based fusion process
involves a shared-specific intertwined scanning mechanism
and dynamic forward injection between modalities, fol-
lowed by a cross-modal alignment and integration through
the aligned Mamba module.

The results of the multi-layer forward propagation are de-
noted as Goq; € RT*7xC 1n the final stage of the fu-
sion process, we propose a cross-modal scanning alignment
method, which unifies the modality relationships among
multiple features while aligning the data distribution with
the base model. The fusion result G is represented as:

G= gadapt ((I)Align (GM1 PRI GMH)) ’ G e RNXD(4)
where N denotes the number of input tokens, and D
represents the length of the tokens, ® 474, () represents
the scanning Mamba for modality alignment, which fuses
multi-modal information through cross-modal scanning, and
Ladapt (+) denotes the adaptive linear layer. The decoupling
process is expressed as follows:

FMj—I =Liec(G) ®)
1 M
Looe = i ]; |doc(Fa,—1) — X, [& (©)

where Frq,_; € RY "xD represents the image feature of the
j-th modality, obtained by applying a linear mapping £ (-)
to G, L. is the reconstruction error, doc(-) represents the
decoding operation, and || - || denotes the mean squared error
loss calculation.

Text-Guided Modality-Aware Prompt Tuning

The fine-tuning process proposed in this paper employs the
pre-trained ViT-B/14(Dosovitskiy et al. 2021) version as the
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base model framework. To adapt the original backbone net-
work to the downstream task and avoid potential modal-
ity laziness issues in multi-modal training, the text-guided
modality-aware prompt fine-tuning process can be divided
into two parts:

Dual Text-Guided Modality Balance Prompt Generation
In this module, we map modality-specific features F ;s
into P »q,.; through pooling. Our goal is to retain modality-
specific characteristics in the prompt content while elimi-
nating modality bias. Specifically, we design two types of
text templates: class-level and modality-level descriptions
(as shown in Figure 4), and encode these descriptions using
CLIP’s text encoder:

FM 5T( class)
FMj—modality = gT( jfmodality)

class

(7

where T, denotes class descriptions and Tj_,,0dality
represents modality-specific text descriptions for the j-th
modality. Faq,,,., and Faq, modatity are the outputs of
the text encoder &p. Subsequently, we employ a Kull-
back—Leibler divergence loss to align the image feature dis-
tribution with modality-specific characteristics, and an L2-
norm mean constraint to eliminate modality magnitude dis-
crepancies:

k
1
alzgn = E Z FMJ“I || PMJ"I) (8)
+ [P, IHmea" = IF Moo 127"

We define P, = {PMj,I, FMj_modality} as the gen-
erated prompt, where the invariant F v, modatity acts as a
task-specific prompt.

Modality-Aware Control In the feature fusion stage, we
obtain the multi-modal complementary joint information
G € RY x D. In the frozen network, we take Zoy =



{G; %05} € RINHDXD a5 the input to the L-layer Trans-
former encoder, where x.;, is an extra learnable classifi-
cation token to form an extension feature. We propose a
modality-aware control (MAC) prompt tuning mechanism,
which injects cross-modal information into the attention
blocks of the Transformer encoder layers and incorporates
a similar low-rank adapter structure in the feed-forward lay-
ers. Thus, the training process in the frozen network can be
expressed as:

Z ) = 51(Zl), | = {O, 1,.. .,L} ©)]
Qi =W, (Zy),
Ay = att)(Q, K, Vi), { Ky = Wi(Zi; Pagys - s Py, ),
V=W (Z;;Ppry;-. 3 Pag,,)-
(10)

where &; denote the [-th frozen Transformer encoder layer,
Z; be its input, and att; represent the attention operation.
The output of the attention layer is denoted as A;. Accord-
ing to the MAC mechanism, the key K; and value V; of
the [-th layer are augmented by injecting cross-modal in-
formation through the query Q;, we define (:) as the con-
catenated representation of Z; and P q;, which serves as
the input to the Key and Value prQ]eCthIlS at the [-th layer,
and Wy, W,, W, are the pre-trained attention key, value,
and query weight matrices, respectively. Let z; and x; be
the input and output of the feed-forward network (FFN) in
the Transformer encoder layer. Three projection matrices
W e R W, € R and Wyown € R™F satisfy
r < min(d, k), where o is the activation function. Dur-
ing the forward propagation in the frozen network, we inte-
grate information across arbitrary modalities using the MAC
prompt tuning technique:

z, — WX[ + Wup<U(Wd0wnXl>) (11)

Finally, we append a classification head and perform classi-

fication on the output chls of the last layer using a MLP to

obtain the predicted label §:
§=MLP(x.,,)

cls

(12)

Training Objective

The overall optimization loss is composed of classification
loss, reconstruction loss and alignment loss, given by the
following equation:

L= L"cls + alﬁrec + O42‘Calign (13)

where the hyperparameter oy and o control the balance of
multiple losses, and L is the classification loss, and here
we use cross-entropy loss, which is calculated using the fol-
lowing formula:

LN
Leis = N ;% log(7:)

where N is the number of sample classes, y; is the true la-
bel represented by one-hot encoding, and g; is the predicted
result.

(14)
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Figure 5: Classification maps of Houston2013 dataset.

Experiments

Datasets Description

We conduct experiments on three publicly multi-modal
datasets for performance evaluation: The Houston2013
(Contest 2013) dataset includes LiDAR, hyperspectral im-
agery (HSI), and multispectral imagery (MSI) data, the
dataset consists of 349 x 1905 pixels. The MUUFL(Gader
et al. 2013) dataset contains registered HSI and LiDAR-
based digital surface model (DSM) data, the dataset con-
sists of 325 x 220 pixels. The Augsburg (Baumgartner et al.
2012) dataset contains HS, synthetic aperture radar (SAR),
and LiDAR, the scene consists of 332 x 485 pixels.

Experimental Setup

Evaluation Metrics The classification accuracies are rig-
orously quantified through: Overall accuracy (OA), average
accuracy (AA), and kappa coefficient.

Implementation Details The proposed method is imple-
mented on the PyTorch platform and trained on one NVIDIA
GeForce 3090 GPU using the Adam optimizer. We use
the off-the-shelf Vit from HuggingFace as our pre-trained



Dataset Method Modality OA(%) AA(%) xx100
HyperMLP(24) H-L  97.85 98.19 97.68
Sal2RN(23) H-L 96.99 97.39 96.74
T-APT(ours) H-L 98.89 99.09 98.80

Houston MFT(23) H-M  97.73 98.15 97.55
MSFM(25) H-M 98.51 98.68 98.39
T-APT(ours) H-M 98.60 98.88 98.49
T-APT(ours) H-M-L 9894 99.14 98.85
MSFE-IFN(24) H-L  89.37 92.23 86.30
AM3Net(22) H-L  85.10 86.15 80.93

MUUFL AMSSE(23) H-L  90.19 92.51 87.30
M2FNet(24) H-L  87.89 91.01 84.42
T-APT(ours) H-L  90.90 93.60 88.20
S2ENet(22) H-L  89.61 83.46 85.66
FDNet(24) H-L 91.81 87.07 88.57
T-APT(ours) H-L 9259 88.31 89.58

Augsburg DSTD(23) H-S 91.78 88.20 88.36
MACN(23) H-S 89.70 89.83 85.81
T-APT(ours) H-S 91.80 90.63 88.59
T-APT(ours) H-S-L 93.17 90.99 90.41

Table 1: Methods Comparison on Multi-modal Datasets.

M2FNet

AMSSE

AM3Net T-APT

M Trees
Building shadow

™ Mostly grass ™ Mix Ground ™ Sand ™ Road Water
Buildings Sidewalk Curb ™ Cloth panels

Figure 6: Classification maps of MUUFL dataset.

model. The model is trained for 250 epochs and the learning
rate is set to 1le-4. iy and i are set to 0.1 and 0.5.

Competing Methods To thoroughly assess the effective-
ness of the proposed network in multi-source remote sens-
ing data fusion, we benchmark it against several state-of-
the-art deep learning models tailored for joint classifica-
tion tasks across three representative datasets: 1) Hous-
ton2013: HyperMLP (Li et al. 2024) and Sal2RN (Li et al.
2023a) for LIDAR-HS fusion; MFT (Roy et al. 2023) and
MSFM (Gao et al. 2025) for MS—-HS fusion; 2) MUUFL:
MSFE-IFN (Guo et al. 2024), AM3Net (Wang et al. 2022a),
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Figure 7: Classification maps of Augsburg dataset.

Method Houston2013 H-M Augsburg H-S
OA(%) AA(%) kx100|OA(%) AA(%) rx100
HyperMLP| 96.69 97.11 96.42 | 81.53 77.93 75.08
AMSSE 97.25 97.72 97.03 | 56.10 47.54 4541
M2FNet 95.83 96.56 95.50 | 87.32 86.67 82.61
S2ENet 90.33 91.66 89.54 | 87.70 81.83 82.98
T-APT 98.60 98.88 98.85 | 91.80 90.63 88.59

Table 2: Classification accuracy of different data combina-
tions.

AMSSE (Gao et al. 2023), and M2FNet (Sun et al. 2024) for
LiDAR-HS fusion; 3) Augsburg: S2ENet (Fang, Li, and Li
2022) and FDNet (Ni et al. 2024) for LiDAR-HS fusion;
DSTD (Xu et al. 2023) and MACN (Li et al. 2023b) for HS—
SAR fusion.

Performance Comparison

We conducted comprehensive quantitative and qualitative
experiments with the competing methods on two datasets
that combine two modalities. Furthermore, we performed
classification experiments using three-modality combina-
tion. Table 1 presents the quantitative comparison between
our proposed method and several state-of-the-art approaches
across three benchmark datasets. The proposed T-APT con-
sistently achieves superior performance in terms of OA, AA,
and the Kappa coefficient under bimodal modality combina-
tions on all three datasets.The classification outcomes illus-
trated in Figs. 5-7 highlight the method’s superiority over
alternatives. Qualitative comparisons reveal that our results
align more closely with ground truth references. In Table
2, we analyzed the classification accuracy of different data
combinations and compared the performance of specialized
models on different datasets. The performance of certain
proprietary methods has declined or even failed.



Ablation Method Houston2013(MS+HS) MUUFL(LiDAR+HS) Augsburg(HS+SAR)
OA(%) AA(%) rkx100 | OA(%) AA(%) kx100 | OA(%) AA(%) ~x100
A; Full tune baseline 98.25 98.59 98.12 90.74 92.05 87.91 92.38 87.84 89.31
As_1 W/0 Lyee 98.19 98.51 98.04 89.21 91.87 86.08 90.07 87.25 87.54
Asz_2 Wlo Lajign 97.95 98.35 97.78 89.84 91.73 86.83 90.28 88.90 86.43
Asz—3 WI0 Lrec +Latign 97.48 97.97 97.24 88.07 90.68 84.59 90.21 86.84 86.34
proposed method 98.60 98.88 98.80 90.90 93.60 88.20 91.80 90.63 88.59
Table 3: Effect of different fine-tuning components.
T-APT MMAF-FC replaced MAC replaced .
100 1 95 - . Im Dataset  Modality Parms OA(%) AA(%) kx100
g b 93 4 3,(,1' HS-only 5.0M 9621 96.81 95.90
ST o | o178 MS-only 49M 9241 9375 91.80
7T LiDAR-only 49M 7095 7396 68.70
1 P oy “7 Houston H-Li 82M 9836 9857 98.23
ol 87 1 Hﬁ H-L 9.0M 98.89 99.09 98.80
ol s | »ﬂ H-M-Li  11.8M 9856 98.83 9844
0 ) . H-M-L 13.0M 9894 99.14 98.85
OA(%)  AA(%) Kappax100 OA(%)  AA(%) Kappax00 HS-only 50M 86.15 82.68 80.97
(a) Houston2013(MS+HS) (b) MUUFL(LiDAR+HS) SAR-Only 49M 68 15 5 1 91 5858
M1 asast 47 m 180 LiDAR-only 49M 53.35 57.11 40.06
92 14 92 1 237223 Augsburg H-S 82M 9199 87.87 88.74
90 L1 231 , 82 178 141 90 12 1.0 T 2 Zﬂ H-S 90M 91.80 90.63 88.59
o | . | ook | H-S-L i 11.8M 91.84 90.10 88.62
. | o . | 77 4 H-S-L 129M 93.17 90.99 90.41
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Figure 8: Effects of replacing function module components.

Ablation Study

Effectiveness of Mamba Structure in MAMF-FC To
validate the effectiveness of the proposed specific-shared in-
terleaved Mamba structure in cross-modal feature extrac-
tion, we investigated a variant of visual feature encoding-
decoding that learns mapping relationships under the same
optimization constraints. As shown in Figure 8 of com-
parative experiments, the OA decreased after replacing the
Mamba structure in MAMF-FC. This demonstrates that the
incorporation of proposed structure significantly enhances
the ability to extract more discriminative supplementary in-
formation for cross-modal representation learning.

Effectiveness of Constraints on Prompt To validate the
effectiveness of the proposed loss function, we experimented
with two losses Lycc, Laiign for constrained cue informa-
tion. After removing the modal reconstruction supervision
and the text alignment loss, the results of the experiments as
shown in Table 3 all decrease.

Effectiveness of TMPT 1)MAC To validate the effective-
ness of the proposed prompt-based fine-tuning approach,
we explored a variant of the fine-tuning strategy. This vari-
ant employs adapter-only to efficiently finetune the feed-
forward layers of the foundation model. Experimental re-
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sults shown in Figure 8, showed performance degradations
of 1.32%, 1.43%, and 2.76%. Our proposed architecture
demonstrates superior advantages in guiding the foundation
model to adapt to arbitrary modality classification down-
stream tasks. 2)Text-Guided Prompt We evaluated the clas-
sification accuracy under a single-modal baseline, as shown
in Table 4. It can be observed that each dataset contains
a dominant mode. A performance deviation appeared after
eliminating the text-guided mechanism. Further experiments
will be conducted in subsequent studies to verify this issue.

Conclusion

In this work, we solve the problem of arbitrary-modality
remote sensing image classification. We propose a uni-
fied model T-APT for arbitrary-modality classification, with
Mamba-Based Arbitrary Modal-Focused Feature Capture
(MAMF-FC) to fuse and disentangle complementary and
modality-specific features and Text-Guided Modality-Aware
Prompt Tuning (TMPT) to fine-tune pre-trained foundation
model by introducing prompt information through a cross-
modal approach. T-APT enables effective adaptation of the
backbone model to downstream tasks and demonstrates a
strong capability in mitigating modality inertia across ar-
bitrary modality combinations. Experimental validation on
three datasets demonstrates the effectiveness of T-APT.
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