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Motivation

Global modeling is crucial for capturing long-range dependencies in visual recognition
and semantic understanding.

> Existing global modeling approaches (Transformer-based and Mamba-based) are
mainly evaluated through empirical evidence (e.g., ablations or visualizations),
while a rigorous definition of true global perception is still missing.

» Transformer-based methods enable explicit global interactions, but their quadratic
computational complexity limits efficiency in high-resolution vision tasks.

» Mamba/SSM-based methods achieve linear complexity, yet rely on sequential state
propagation and causal assumptions, leading to localized perception and structural
mismatch with non-causal image data. Although sophisticated scanning strategies
can partially alleviate this issue, they do not fundamentally overcome the intrinsic
limitations of SSM-based modeling and often introduce additional complexity.
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Main ideas

» First formal definition of global image modeling, providing a rigorous
mathematical foundation for analyzing and guaranteeing true global perception in

visual tasks.

» Theoretical framework for frequency-modulated SSM, connecting frequency
domain analysis with state-space modeling to guide global feature propagation.

» Design of a plug-and-play GMamba (GSSM) module that injects frequency-
guided global semantics into SSM, adaptable to diverse CNN backbones and

multiple  vision

tasks

while  maintaining

computational  efficiency.
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® Mathematical Definition of Global Image Modeling

Definition: For an image modeling function f : RFXWxC _y RHXWXC which s differen-
tiable almost everywhere in Dy, and a global influence function Z : {1,..., H} x {1,..., W} x
{1,..., C} — R whose derivative exists at all points in Dy, if the Frobenius norm of the derivative

of f with respect to any input pixel is greater than Z, then f exhibits global gradient dependency.
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where X ;. represents the pixel value at position (4,7) and channel c in the input image X €
RAXWXC ||| denotes the Frobenius norm of the gradient tensor which measures the degree
of influence of input pixels at different positions on the output image, Dy denotes the set of points
where both f and Z are differentiable, inf represents the infimum, and 7 ensures that each input
pixel exerts a stable and non-negligible influence on the reconstructed output.

>Z(i,j,¢) >0, V(i,j,c) € Dy;
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Constraint: For function f, due to the absence of inherent sequential regularity in image features, f
should not impose strict order-dependent constraints on the input.

Frequency-Domain Modulated SSM Framework

Discrete-time SSM formulation: Continuous-time SSMs are discretized using a step size A and
the zero-order hold method:

2y = A(A)xi_q + B(A)wy, y: = Cay,
enabling efficient sequence modeling in neural networks.
SSM as dynamic convolution: The output can be equivalently expressed as

t

Y= ZKkut—lw Ky =
k=0

CA*B,
showing that SSM performs step-by-step filtering on input sequences.
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equiv: e: The discrete-time transfer function of SSM is

1

H(w)=C(e“I - A)" "B,

which is mathematically equivalent to the discrete-time Fourier transform of the convolution kernel
K}, linking time-domain convolution with frequency-domain representation.

N

k=0

C(I- Ac_-“”')_lB =0T - A)_IB =Y H(w).

Theoretical Foundation of Freq y-Di Modulated SSM.

¢ Information Preservation: The encoded hidden state information z; in SSMs can be transformed
into a convolutional form K}, where frequency-transformed information of K, directly maps with
original information, ensuring frequency domain operations preserve the representational capacity

of the original model.

Bidirectional Convertibility: The dynamic convolution kernel K}, of SSM and its frequency
domain transfer function H (w) form a Fourier transform pair, enabling lossless bidirectional con-
version between time-domain and frequency-domain representations.

Linear Information Propagation: Both the discrete convolution y; = Z};:O Kju;_ ) and the
frequency-domain multiplication Y (w) = H(w) - U(w) are linear relations, ensuring consistent

and stable linear information propagation through the network in either domain.
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Experiments

Experiments are conducted on five datasets across three backbones and vision tasks to
validate GMamba's effectiveness. For semantic segmentation, four remote sensing datasets
are used: Vaihingen, Potsdam, LoveDA, and UAVid. For instance segmentation and object
detection, the MS-COCO dataset is employed. Results demonstrate GMamba's strong
generalization and consistent improvements across different tasks and architectures.
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