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Abstract

Pan-sharpening aims to generate high-resolution multi-
spectral (HRMS) images by integrating a high-resolution
panchromatic (PAN) image with its corresponding low-
resolution multispectral (MS) image. To achieve effective fu-
sion, it is crucial to fully exploit the complementary infor-
mation between the two modalities. Traditional CNN-based
methods typically rely on channel-wise concatenation with
fixed convolutional operators, which limits their adaptabil-
ity to diverse spatial and spectral variations. While cross-
attention mechanisms enable global interactions, they are
computationally inefficient and may dilute fine-grained corre-
spondences, making it difficult to capture complex semantic
relationships. Recent advances in the Multimodal Diffusion
Transformer (MMDiT) architecture have demonstrated im-
pressive success in image generation and editing tasks. Un-
like cross-attention, MMDiT employs in-context condition-
ing to facilitate more direct and efficient cross-modal infor-
mation exchange. In this paper, we propose MMMamba, a
cross-modal in-context fusion framework for pan-sharpening,
with the flexibility to support image super-resolution in a
zero-shot manner. Built upon the Mamba architecture, our
design ensures linear computational complexity while main-
taining strong cross-modal interaction capacity. Furthermore,
we introduce a novel multimodal interleaved (MI) scanning
mechanism that facilitates effective information exchange be-
tween the PAN and MS modalities. Extensive experiments
demonstrate the superior performance of our method com-
pared to existing state-of-the-art (SOTA) techniques across
multiple tasks and benchmarks.

Code — https://github.com/Gracewangyy/MMMamba

Introduction
With the growing demand for high-quality satellite imagery
in areas such as agriculture (Jenerowicz and Woroszkiewicz
2016), urban planning (Aiazzi et al. 2003), and environmen-
tal monitoring (Sunuprapto, Danoedoro, and Ritohardoyo
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2016), obtaining high-resolution multi-spectral (HRMS)
data has become more critical than ever. However, the phys-
ical limitations of satellite sensors impede the direct acquisi-
tion of multi-spectral images that offer both fine spatial de-
tail and rich spectral information. To address this issue, most
satellites are equipped with two separate sensors: panchro-
matic (PAN) and multi-spectral (MS), each designed to cap-
ture complementary aspects. PAN images provide high spa-
tial resolution but limited spectral coverage, while MS im-
ages offer rich spectral information at lower spatial reso-
lutions. Pan-sharpening has therefore emerged as a practi-
cal and essential technique, aiming to fuse these two data
sources into a single image that combines the spatial sharp-
ness of PAN with the spectral fidelity of MS.

Early efforts in pan-sharpening were predominantly based
on classical paradigms such as component substitution
(CS) (Kwarteng and Chavez 1989), multi-resolution analy-
sis (MRA) (Mallat 2002), and variational optimization (VO)
(Ballester et al. 2006). These hand-crafted techniques relied
on physical modeling and prior domain knowledge, limiting
their ability to capture complex cross-modal relationships
and yielding suboptimal results. The introduction of deep
learning into the pan-sharpening field has led to significant
improvements in both spatial resolution and spectral fidelity.
A notable breakthrough was the pioneering PNN model
(Masi et al. 2016), which demonstrated remarkable per-
formance improvements over traditional approaches. Since
then, the research community has witnessed rapid advance-
ments with increasingly sophisticated neural network archi-
tectures (Wang et al. 2025a; Li et al. 2025). Based on vary-
ing fusion strategies, these approaches can be broadly cate-
gorized into channel concatenation-based methods, such as
DIRFL (Lin et al. 2023) and HFEAN (Wang et al. 2023),
PAN injection with multi-scale techniques like MSDDN (He
et al. 2023) and WaveletNet (Zhang et al. 2024b), cross-
attention methods exemplified by Panformer (Zhou, Liu, and
Wang 2022) and CMINet (Wang et al. 2024), and gating-
based approaches, including FAME (He et al. 2024) and
Pan-Mamba (He et al. 2025).

Despite their progress, existing methods still exhibit cer-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

18656



tain limitations that impede further performance improve-
ments. CNN-based approaches typically rely on channel-
wise concatenation, a static mechanism that lacks the adap-
tive flexibility to model the complex relationships between
modalities. Transformer-based methods, while employing
cross-attention and offering more dynamism, still have their
drawbacks. First, they aggregate features through weighted
averaging, which tends to smooth out the high-frequency
spatial details crucial for preserving the integrity of the PAN
image. Second, the information flows in only one direc-
tion, restricting the depth and richness of the interaction be-
tween modalities. Recent architectures, such as the Multi-
modal Diffusion Transformer (MMDiT) (Esser et al. 2024),
have demonstrated significant success in multimodal inter-
action by adopting an in-context conditioning strategy (Tan
et al. 2024; Labs et al. 2025). This approach discards tradi-
tional fusion modules like channel concatenation and cross-
attention, instead concatenating tokens from all modalities
into a single unified sequence, which is then jointly pro-
cessed by self-attention, enabling deep and bidirectional in-
teractions between all tokens. However, despite its advan-
tages, directly employing this paradigm with Transformers
is computationally prohibitive for image fusion due to the
quadratic complexity of self-attention. Moreover, its direct
application does not guarantee effective cross-modal inter-
action and integration in image fusion.

In this paper, we propose MMMamba, a novel cross-
modal in-context fusion framework for pan-sharpening.
Built upon the Mamba architecture, our design achieves
linear computational complexity while maintaining strong
cross-modal interaction capacity. To fully unleash the po-
tential of in-context conditioning within our framework for
pan-sharpening task, we introduce a specially designed mul-
timodal interleaved (MI) scanning mechanism that facili-
tates effective information exchange between the PAN and
MS modalities. This method arranges the input sequence so
that corresponding PAN and MS tokens are spatially adja-
cent and can be scanned from different directions. A key
advantage of this powerful and unified design is zero-shot
task generalization: trained solely on pan-sharpening, MM-
Mamba can perform MS image super-resolution by simply
dropping the input PAN modality, without requiring retrain-
ing or fine-tuning. Extensive experiments across multiple
benchmarks demonstrate that MMMamba consistently out-
performs existing state-of-the-art (SOTA) methods both vi-
sually and quantitatively.

To summarize, this work offers the following key contri-
butions:

• We propose MMMamba, a novel cross-modal in-
context fusion framework for pan-sharpening. Built upon
the Mamba architecture, it achieves linear complex-
ity and enables bidirectional information flow, while
also supporting zero-shot generalization to image super-
resolution task.

• We are the first to explore the in-context condition-
ing paradigm in pan-sharpening, enabling deep and effi-
cient cross-modal interactions among all tokens, thereby
achieving superior multimodal image fusion results.

• We design a novel multimodal interleaved (MI) scanning
mechanism that facilitates bidirectional information ex-
change by effectively exploiting complementary cues be-
tween PAN and MS modalities.

• Extensive experiments conducted on multiple bench-
marks demonstrate that MMMamba consistently outper-
forms existing SOTA methods across various tasks.

Related Work
Pan-Sharpening
Pan-sharpening can be categorized into conventional and
deep learning-based approaches. Early studies predomi-
nantly relied on prior knowledge and handcrafted features,
including Component Substitution (CS) (Kwarteng and
Chavez 1989; Gillespie, Kahle, and Walker 1987), Multi-
Resolution Analysis (MRA) (Schowengerdt 1980; Nunez
et al. 2002), and Variational Optimization (VO) (Fasben-
der, Radoux, and Bogaert 2008; Ballester et al. 2006). While
traditional approaches offered interpretability and computa-
tional efficiency, their limited capacity to model the complex
and nonlinear correlations between PAN and MS modali-
ties hindered their performance. The advent of deep learning
has reshaped the landscape of pan-sharpening (Huang et al.
2023; Zhang et al. 2024a; Meng et al. 2025). PNN (Masi
et al. 2016) first introduced a simple three-layer CNN that
achieved promising results. This was followed by a surge
of CNN-based sophisticated models, such as PanNet (Yang
et al. 2017), HFEAN (Wang et al. 2023), BiMPan (Hou et al.
2023), PIF-Net (Meng et al. 2024). More recently, the in-
tegration of Transformer-based models, such as Panformer
(Zhou, Liu, and Wang 2022), CMINet (Wang et al. 2024),
LFormer (Hou et al. 2024), and FCSA (Wu et al. 2025),
introduced self-attention mechanisms to capture long-range
dependencies, significantly improving the modeling of spa-
tial relationships.

State Space Model
State Space Models (SSMs) have recently emerged as a
powerful alternative to CNNs and Transformers, owing to
their long-range dependencies with linear computational
complexity. S4 (Gu, Goel, and Ré 2021) introduced diag-
onal state-space parameterizations for efficient paralleliza-
tion, and Mamba (Gu and Dao 2023) further incorporated
a dynamic selection mechanism to enhance training and se-
quence modeling. Recent research has successfully adapted
SSMs to the visual domain by reshaping images into se-
quential representations and integrating specialized scan-
ning mechanisms. Specifically, Vmamba (Liu et al. 2024)
and Vision Mamba (Zhu et al. 2024) employed directionally-
aware scanning schemes to effectively model spatial struc-
tures, facilitating the integration of contextual information
from various perspectives. LEVM (Cao et al. 2024) intro-
duced a local-enhanced vision Mamba block tailored for
image fusion tasks, which strengthened local spatial per-
ception and improved the integration of spatial and spec-
tral information. Pan-Mamba (He et al. 2025) is the pio-
neering work that introduces Mamba into pan-sharpening,
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Figure 1: The overall framework of our proposed MMMamba, the first exploration of in-context conditioning paradigm in pan-
sharpening. This framework enables bidirectional information flow between PAN and MS modalities and supports zero-shot
generalization to task like image super-resolution. The proposed MI scanning strategy captures complementary information and
facilitates effective cross-modal interaction.

effectively modeling long-range dependencies and cross-
modal correlations for efficient global processing and supe-
rior spectral–spatial fusion. These approaches, although ef-
fective, are typically limited to a single task, such as image
fusion or super-resolution, and cannot flexibly handle zero-
shot generalization to other tasks. Moreover, the scanning
strategies employed in these methods fail to facilitate effi-
cient cross-modal information exchange, thereby constrain-
ing the quality of the fusion results.

Methodology
Problem Formulation
Pan-sharpening seeks to fuse the complementary infor-
mation between the multispectral (MS) image Ilms ∈
RH/s×W/s×C and the panchromatic (PAN) image Ip ∈
RH×W×1 in order to produce the high-resolution multispec-
tral (HRMS) image Ihms ∈ RH×W×C . Here, H , W , and C
represent the image height, width, and number of spectral
channels, respectively, and s defines the spatial resolution
ratio between Ilms and Ihms, which is set to 4. The overall
architecture of MMMamba is shown in Figure 1.

Network Architecture
Given the upsampled LRMS image Ims ∈ RH×W×C and
PAN image Ip ∈ RH×W×1, both inputs are first passed
through separate gated convolutional encoders (Rao et al.
2022), denoted as Ems

φ and Ep
φ, to extract shallow fea-

tures from their respective modalities, resulting in Fms ∈
RB×C×H×W and Fp ∈ RB×C×H×W :

Fms = Ems
φ (Ims) , (1)

Fp = Ep
φ (Ip) . (2)

MMMamba Blocks The shallow features Fms and Fp,
derived from the MS and PAN modalities, are then inde-
pendently processed through a series of MMMamba blocks,
which enable deep cross-modal interaction and efficient in-
context fusion.

Specifically, Fms and Fp first undergo layer normal-
ization, followed by a linear projection to transform the
feature dimensions. The outputs are denoted as F ln

ms ∈
RB×H×W×C and F ln

p ∈ RB×H×W×C :

F ln
ms = Linear (LN(Fms)) , (3)
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F ln
p = Linear (LN(Fp)) . (4)

Next, these normalized and projected features are pro-
cessed by depth-wise convolutional layers (DWConv), and
then activated using the sigmoid linear unit (SiLU) function,
yielding F silu

ms ∈ RB×C×H×W and F silu
p ∈ RB×C×H×W :

F silu
ms = SiLU

(
DWConv(F ln

ms)
)
, (5)

F silu
p = SiLU

(
DWConv(F ln

p )
)
. (6)

Multimodal Interleaved (MI) SSM The multimodal in-
terleaved scanning operation, denoted as MI-Scan(·), is ap-
plied to enable effective cross-modal information exchange
and to capture complementary characteristics between the
MS and PAN modalities. The details of MI-SSM are illus-
trated in the right part of Figure 1.
Tokenization Initially, the features F silu

ms and F silu
p from

the MS and PAN modalities are tokenized into non-
overlapping patches. These patches are then interleaved in
four predefined directions: “left-to-right and up-to-down”
(“ltr utd”), “up-to-down and left-to-right” (“utd ltr”), “right-
to-left and down-to-up” (“rtl dtu”), and “down-to-up and
right-to-left” (“dtu rtl”):

T ltr utd
ms , T ltr utd

p = Tokenize
(
F silu
ms , F silu

p

)
ltr utd

, (7)

T utd ltr
ms , T utd ltr

p = Tokenize
(
F silu
ms , F silu

p

)
utd ltr

, (8)

T rtl dtu
ms , T rtl dtu

p = Tokenize
(
F silu
ms , F silu

p

)
rtl dtu

, (9)

T dtu rtl
ms , T dtu rtl

p = Tokenize
(
F silu
ms , F silu

p

)
dtu rtl

, (10)

where T k
ms, T

k
p ∈ RB×C×Hg×Wg×s×s, and k ∈

{ltr utd, utd ltr, rtl dtu, dtu rtl}. Here, Hg and Wg denote
the number of rows and columns in the patch grid, respec-
tively, with Hg = H/s and Wg = W/s, and s represents
the spatial size of each patch.

For each direction, patch-wise interleaving is performed
to form a fused sequence of patches from both the MS and
PAN modalities:

Sltr utd
int = Interleave

(
T ltr utd
ms , T ltr utd

p

)
, (11)

Sutd ltr
int = Interleave

(
T utd ltr
ms , T utd ltr

p

)
, (12)

Srtl dtu
int = Interleave

(
T rtl dtu
ms , T rtl dtu

p

)
, (13)

Sdtu rtl
int = Interleave

(
T dtu rtl
ms , T dtu rtl

p

)
. (14)

The sequences from all four directions are then concate-
nated to generate the interleaved sequence:

Sint = Concat
(
Sltr utd
int , Sutd ltr

int , Srtl dtu
int , Sdtu rtl

int

)
, (15)

where Sint ∈ RB×4×C×L, with L = 2×H ×W .
MI Scanning Strategy The MI scanning strategy
first splits the Sint into sequence of four directions
Sltr utd
int , Sutd ltr

int , Srtl dtu
int , Sdtu rtl

int . Each sequence is reshaped into
RB×C×Hg×Wg×2×s2 :

Sltr utd
int , Sutd ltr

int , Srtl dtu
int , Sdtu rtl

int = Split(Sint). (16)

The sequences are then split into two parts to perform
cross-modal MI scanning:

Sltr utd
int 1 , S

ltr utd
int 2 = Split(S ltr utd

int ), (17)

Sutd ltr
int 1 , S

utd ltr
int 2 = Split(Sutd ltr

int ), (18)
Srtl dtu
int 1 , S

rtl dtu
int 2 = Split(Srtl dtu

int ), (19)
Sdtu rtl
int 1 , S

dtu rtl
int 2 = Split(Sdtu rtl

int ), (20)
where Sk

int 1, S
k
int 2 ∈ RB×C×Hg×Wg×s×s, and k ∈

{ltr utd, utd ltr, rtl dtu, dtu rtl}.
Next, these sequences are divided into multiple local win-

dows. For each local window, selective scanning is first ap-
plied to Sltr utd

int 1 using the “ltr utd” scanning direction. Af-
ter completing this, the scanning is transferred to the cor-
responding local window of the Sltr utd

int 2 , where the same se-
lective scanning is executed. Once finished, the process re-
turns to the next local window of Sltr utd

int 1 and repeats the same
procedure. This alternating scanning continues for all local
windows:

Sltr utd
mi1 , Sltr utd

mi2 = MI-Scan(S ltr utd
int 1 , S

ltr utd
int 2 ), (21)

where Sltr utd
mi1 , Sltr utd

mi2 ∈ RB×C×L′
, and L′ = H ×W .

The scanning strategy then proceeds with three additional
directions, “utd ltr”, “rtl dtu”, and “dtu rtl”. Such multi-
directional scanning approach enhances cross-modal inter-
action and enables better exploitation of complementary in-
formation:

Sutd ltr
mi1 , Sutd ltr

mi2 = MI-Scan(Sutd ltr
int 1 , S

utd ltr
int 2 ), (22)

Srtl dtu
mi1 , Srtl dtu

mi2 = MI-Scan(Srtl dtu
int 1 , S

rtl dtu
int 2 ), (23)

Sdtu rtl
mi1 , Sdtu rtl

mi2 = MI-Scan(Sdtu rtl
int 1 , S

dtu rtl
int 2 ). (24)

The outputs of the MI-SSM are computed by summing
the results of the four directional scans:

Sout
mi1 = Sltr utd

mi1 + Sutd ltr
mi1 + Srtl dtu

mi1 + Sdtu rtl
mi1 , (25)

Sout
mi2 = Sltr utd

mi2 + Sutd ltr
mi2 + Srtl dtu

mi2 + Sdtu rtl
mi2 , (26)

where Sout
mi1, S

out
mi2 ∈ RB×C×L.

The output features from the MI-SSM, Sout
mi1 and Sout

mi2,
are subsequently combined with the SiLU-activated projec-
tions of the normalized F ln

ms and F ln
p respectively through

element-wise multiplication and summation:
Fmm
ms = LN(Sout

mi1)⊙ SiLU(F ln
ms), (27)

Fmm
p = LN(Sout

mi2)⊙ SiLU(F ln
p ), (28)

where Fmm
ms , Fmm

p ∈ RB×C×L.
These features are then passed through linear projections

and reshaped to produce F out
ms , F out

p ∈ RB×C×H×W , de-
livering the final output of the MMMamba block:

F out
ms, F

out
p = Linear(Fmm

ms ), Linear(Fmm
p ). (29)

The resulting outputs are forwarded to the subsequent
MMMamba block, which progressively refines the multi-
modal representations and enriches cross-modal feature in-
teractions, effectively exploiting complementary cues be-
tween modalities and enabling efficient in-context fusion.

Afterward, a convolutional decoder Dφ is applied to the
output of the last MMMamba block to generate the final MS
feature F final

ms :
F final
ms = Dφ

(
F out last
ms

)
, (30)

where F out last
ms denotes the output of the last MMMamba

block.
Finally, the HRMS result is obtained by adding F final

ms to
the upsampled LRMS image Ims ∈ RH×W×C :

Ihms = F final
ms + Ims. (31)
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Loss Function
We employ the L1 as the loss function (Zhao et al. 2016).
The predicted HRMS image is denoted by Ihms, and the
corresponding ground truth is defined by Igt. The loss can
be expressed as:

L = ∥Igt − Ihms∥1. (32)

Experiments
Datasets and Benchmark
We conducted experiments using data from three satellites:
WorldView-II (WV2), GaoFen2 (GF2), and WorldView-III
(WV3). These datasets provide a variety of resolutions and
scenes, including industrial areas and natural landscapes
from WV2, mountains and rivers from GF2, and urban en-
vironments from WV3. As ground truth was not available,
we generated all test datasets at a reduced resolution ac-
cording to the Wald protocol. We compared our proposed
model against several traditional methods, specifically GF-
PCA (Liao et al. 2015), LRTCFPan (Wu et al. 2023), Brovey
(Gillespie, Kahle, and Walker 1987), IHS (Haydn 1982),
and SFIM (Liu 2000), as well as recent deep learning-based
methods, including SRPPNN (Cai and Huang 2020), INN-
former (Zhou et al. 2022), FAME (He et al. 2024), SFINet++
(Zhou et al. 2024), WaveletNet (Zhang et al. 2024b), Pan-
Mamba (He et al. 2025), and CFLIHPs (Wang et al. 2025b).
The performance was quantitatively evaluated using a com-
bination of full-reference and no-reference metrics. The full-
reference metrics were Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM), Spectral Angle Mapper
(SAM), and the relative dimensionless global error in syn-
thesis (ERGAS). The no-reference metrics were the spatial
distortion index (DS), the spectral distortion index (Dλ),
and the Quality with No Reference (QNR) index.

Implement Details
We implemented the model in PyTorch and conducted all
training on a single Nvidia V100 GPU. For optimization, we
used the Adam optimizer with a gradient clipping norm of
4.0 to ensure training stability. The learning rate was initial-
ized to 5×10−4 and adjusted using a cosine decay schedule,
which reduced it to 5× 10−8 by the final epoch. To account
for variations in data volume, we trained the model for 200
epochs on the WorldView-II dataset and 500 epochs on both
the GaoFen2 and WorldView-III datasets.

Comparison with SOTA Methods
Evaluation on Reduced-Resolution Scene Table 1 sum-
marizes the quantitative results of MMMamba in compari-
son with existing methods across three benchmark datasets,
demonstrating its superior performance over existing SOTA
techniques across multiple evaluation metrics. In particular,
our approach achieves notable gains in PSNR, outperform-
ing the CFLIHPs by 0.40 dB and 0.61 dB on the WV2 and
GF2 datasets, respectively. Figure 2 presents qualitative re-
sults from the WV3 dataset. The residual plots produced by
our method exhibit the lowest brightness, reflecting a high

degree of consistency with the ground truth. Additionally,
our approach yields sharper edges and more accurate spec-
tral details, further emphasizing its advantage over compet-
ing methods.

Evaluation on Full-Resolution Scene We further con-
ducted a full-resolution evaluation under real-world condi-
tions to assess the generalization capability of our method.
This experiment was carried out on the full-resolution GF2
(FGF2) datasets, where no-reference quality metrics were
employed due to the absence of ground truth references.
The FGF2 dataset was utilized in its original form with-
out any downsampling, providing a testing environment that
closely replicates real-world image degradation. As summa-
rized in Table 2, our method consistently outperforms other
approaches across all three metrics, demonstrating its strong
generalization performance in real-world scenarios.

Zero-Shot Task Generalization
To evaluate MMMamba’s zero-shot generalization capa-
bilities, we tested it on MS image super-resolution. Al-
though trained exclusively on pan-sharpening, MMMamba
can perform this tasks without any retraining or fine-tuning.
By leveraging its in-context fusion mechanism, it adapts
by simply omitting one input modality—performing super-
resolution when given only the MS image.

We also compared our approach with other deep learning
models. Since these models cannot inherently work with a
single input, we had to adapt them. For the super-resolution
task, we fed the MS image into both the PAN and MS en-
coders during inference.

The qualitative results for the zero-shot super-resolution
task are presented in Figure 3. As illustrated in the figure,
our proposed method generates visually compelling results,
successfully reconstructing finer details and sharper edges.
In contrast, the outcomes from the adapted SFINet++ and
Pan-Mamba methods appear comparatively blurry, with a
noticeable loss of textural information.

The quantitative metrics, summarized in Table 4, provide
further evidence of our model’s effectiveness. Our approach
consistently outperforms the compared methods across all
evaluation criteria. Notably, our model achieves a PSNR of
36.49 dB and an SSIM of 0.9114. These scores not only
surpass those of the other deep learning-based methods,
SFINet++ and Pan-Mamba, but also exceed the performance
of the traditional Bicubic interpolation. Furthermore, our
method yields the lowest error values with a SAM of 0.0299
and an ERGAS of 1.5515, indicating superior spectral and
radiometric fidelity in the reconstructed images.

Ablation Experiments
We conducted ablation studies on the WV2 dataset to vali-
date core components, as presented in Table 3.

Ablation on Core Paradigm Our analysis confirms the
effectiveness of the core design (M1). We replaced the
Mamba operator with a self-attention (SA) based block to
compare their effectiveness. For a fair comparison under
a similar computational budget, we built a computation-
ally matched SA by incorporating sequence downsampling
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Methods
WorldView-II GaoFen2 Worldview-III

PSNR↑ SSIM↑ SAM↓ ERGAS↓ PSNR↑ SSIM↑ SAM↓ ERGAS↓ PSNR↑ SSIM↑ SAM↓ ERGAS↓
IHS (Haydn 1982) 35.2962 0.9027 0.0461 2.0278 38.1754 0.9100 0.0243 1.5336 22.5579 0.5354 0.1266 8.3616
Brovey (Gillespie, Kahle, and Walker 1987) 35.8646 0.9216 0.0403 1.8238 37.7974 0.9026 0.0218 1.3720 22.5060 0.5466 0.1159 8.2331
SFIM (Liu 2000) 34.1297 0.8975 0.0439 2.3449 36.9060 0.8882 0.0318 1.7398 21.8212 0.5457 0.1208 8.9730
GFPCA (Liao et al. 2015) 34.5581 0.9038 0.0488 2.1411 37.9443 0.9204 0.0314 1.5604 22.3344 0.4826 0.1294 8.3964
LRTCFPan (Wu et al. 2023) 34.7756 0.9112 0.0426 2.0075 36.9253 0.8946 0.0332 1.7060 22.1574 0.5735 0.1380 8.6796

SRPPNN (Cai and Huang 2020) 41.4538 0.9679 0.0233 0.9899 47.1998 0.9877 0.0106 0.5586 30.4346 0.9202 0.0770 3.1553
INNformer (Zhou et al. 2022) 41.6903 0.9704 0.0227 0.9514 47.3528 0.9893 0.0102 0.5479 30.5365 0.9225 0.0747 3.0997
FAME (He et al. 2024) 42.0262 0.9723 0.0215 0.9172 47.6721 0.9898 0.0098 0.5242 30.9903 0.9287 0.0697 2.9531
WaveletNet (Zhang et al. 2024b) 41.9131 0.9715 0.0220 0.9274 47.5907 0.9894 0.0099 0.5310 30.9139 0.9279 0.0710 2.9770
SFINet++ (Zhou et al. 2024) 41.8115 0.9731 0.0220 0.9489 47.5344 0.9906 0.0100 0.5356 30.7665 0.9261 0.0732 3.0217
Pan-Mamba (He et al. 2025) 42.2354 0.9729 0.0212 0.8975 47.6453 0.9894 0.0103 0.5286 31.1740 0.9302 0.0698 2.8910
CFLIHPs (Wang et al. 2025b) 41.9077 0.9712 0.0220 0.9284 47.3824 0.9892 0.0102 0.5409 30.8341 0.9269 0.0737 2.9980

Ours 42.3120 0.9733 0.0209 0.8888 47.9932 0.9902 0.0098 0.5126 31.2311 0.9305 0.0687 2.8950

Table 1: Quantitative comparison on three datasets. The best results are highlighted in bold. ↑ signifies better performance with
larger values, while ↓ indicates improved performance with smaller values.

Metrics IHS Brovey SFIM GFPCA LRTCFPan SRPPNN INNformer FAME WaveletNet SFINet++ Pan-Mamba CFLIHPs Ours
Dλ↓ 0.0770 0.1378 0.0822 0.0914 0.1170 0.0767 0.0782 0.0674 0.0700 0.0673 0.0652 0.0678 0.0656
DS↓ 0.2985 0.2605 0.1121 0.1635 0.2024 0.1162 0.1253 0.1121 0.1063 0.1108 0.1129 0.1170 0.1113

QNR↑ 0.6485 0.6390 0.8214 0.7615 0.7063 0.8173 0.8073 0.8291 0.8327 0.8471 0.8306 0.8287 0.8312

Table 2: Evaluation of our method on real-world full-resolution scenes from the GF2 dataset.

Figure 2: Visual comparison of all methods on WV3. The last row visualizes the MSE residues between the pan-sharpening
results and the ground truth.

(via pixel shuffling) and a linear projection before the at-
tention mechanism. Replacing the Mamba operator with
this self-attention module degrades performance, underscor-
ing Mamba’s linear (O(N)) efficiency for this task (He et al.
2025).

The proposed in-context fusion is also crucial: substitut-
ing it with naive channel-wise concatenation (M2) prevents

effective cross-modal interaction, causing the PSNR to drop
to 41.28 dB.

The necessity of our interleaved design is demonstrated
by replacing it with sequential token concatenation (M3),
which caused a huge performance decrease. The interleaved
approach places tokens from corresponding spatial positions
of each modality adjacent to one another, enabling direct and
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ID Methods / Variant Performance Metrics Efficiency Metrics
PSNR ↑ SSIM ↑ SAM ↓ ERGAS ↓ Params (M) ↓ FLOPs (G) ↓

Ablation on Core Paradigm & Backbone

M0 MMMamba (Full Model / Baseline) 42.3120 0.9733 0.0209 0.8888 0.2453 5.0616
M1 w/o Mamba (use Transformer) 41.3995 0.9675 0.0235 0.9862 0.3684 3.9206
M2 w/o In-context Fusion (use Channel Concat.) 41.2898 0.9672 0.0237 0.9976 0.2704 5.0275
M3 w/o Interleaving (use Sequential Concat.) 36.4702 0.9107 0.0302 1.5550 0.2432 5.0275

Ablation on Scanning Strategy

M4 w/o Multi-direction (use 1-way Scan) 42.0965 0.9723 0.0214 0.0989 0.2432 5.0275
M5 w/o Local Scan (use Global Scan) 42.1998 0.9729 0.0211 0.8972 0.2432 5.0277

Table 3: Ablation study of the MMMamba model on the WV2 dataset. ‘↑’ indicates that higher is better, while ‘↓’ indicates that
lower is better. Bold marks the best result in each column. All models are trained and evaluated under identical settings.

Figure 3: The visual comparison of the zero-shot image
super-resolution results on the WV2 dataset.

efficient information exchange. Conversely, sequential con-
catenation separates these corresponding tokens, causing se-
vere information decay as the signal propagates over a long
distance within the Mamba state.

Ablation on Scanning Strategy

Benefits of Multi-Directional Scanning To validate
multi-directional scanning, we simplified it to a single, uni-
directional scan (M4). The results show a performance drop
with negligible change in computational cost. This confirms
that aggregating contextual information from multiple direc-
tions allows the model to build a more comprehensive and
robust feature representation, essential for 2D spatial data.

Effectiveness of the Local Window Scan We compared
our local window scan against a standard global scan (M5),
where the latter showed a slight decline in performance
(PSNR drops to 42.19 dB). This experiment demonstrates
that our modification successfully introduces a crucial in-
ductive bias of locality into the Mamba operator.

Computational Efficiency
We have evaluated the FLOPs and the number of parameters
of our proposed method, along with other comparative meth-

Methods PSNR↑ SSIM↑ SAM↓ ERGAS↓
Bicubic 34.0869 0.8726 0.0397 2.1202
SFINet++ 33.3047 0.8679 0.0439 2.3105
Pan-Mamba 30.5913 0.7656 0.0524 3.1224
Ours 36.4892 0.9114 0.0299 1.5515

Table 4: Comparison results on the WV2 dataset for zero-
shot image super-resolution evaluation.

Methods FLOPs (G) Params (M)
SRPPNN 21.1059 1.7114

INNformer 1.3079 0.0706
FAME 9.4093 0.5766

WaveletNet 7.770 1.3230
SFINet++ 1.3112 0.0848

Pan-Mamba 3.0088 0.1827
CFLIHPs 6.4500 0.1314

Ours 5.0616 0.2453

Table 5: The comparison of computational efficiency.

ods, on PAN images with a resolution of 128× 128 and MS
images with a resolution 32 × 32 on a single Nvidia V100
GPU. The results of this evaluation are presented in Table
5. Our proposed method demonstrates 5.0616 G FLOPs and
0.2453 M parameters.

Conclusion

In conclusion, we present MMMamba, a novel cross-modal
in-context fusion framework that pioneers the exploration of
the in-context conditioning paradigm in the pan-sharpening
domain. Built on the Mamba architecture, MMMamba
achieves linear computational complexity and enables ef-
ficient bidirectional information flow between PAN and
MS modalities. To further strengthen multimodal interac-
tions, we design a multimodal interleaved scanning mecha-
nism that effectively captures complementary characteristics
across modalities. Our framework also demonstrates strong
generalization capabilities, including zero-shot adaptation to
image super-resolution task. Extensive experiments across
multiple benchmark datasets consistently validate the supe-
riority of MMMamba over existing SOTA methods.
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