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Dear Reviewer nc9h, we sincerely appreciate your valuable feedback on our submission. Below,
we provide our responses to the concerns you raised. We have incorporated these revisions into the
updated version of the manuscript, and we believe they will help improve the overall quality of the
submission.

WEAKNESSES:

Limitation: The reliance on DFT-based frequency-domain modulation may introduce chal-
lenges in scenarios where frequency-domain information is less effective, such as highly
noisy or irregular data.

We understand your concern that the DFT-based frequency modulation in GSSM may underperform
in certain complex scenarios. However, our DFT-based frequency-domain modulation incorporates
an adaptive mechanism that adjusts the balance between spatial features and frequency information
according to the characteristics of the input data. Regarding the highly noisy or irregular data you
mentioned, we argue that such cases do not fall into the category where frequency-domain informa-
tion is less effective; on the contrary, frequency-domain information can even provide advantages in
handling such data.

To support this claim, we first conducted controlled perturbation experiments using Gaussian noise,
Gaussian blur, and partial occlusion. Our GMamba model consistently achieved the best perfor-
mance across all perturbation types, improving over the baseline by 5.23% under Gaussian noise
and by 5.35% under Gaussian blur. These results demonstrate that the frequency-guided modulation
mechanism is not hindered by such perturbations; instead, it enhances the model’s robustness to
noise.

Second, to further evaluate the model’s performance under more challenging domain shifts, we
performed cross-domain experiments on the LoveDA dataset (urban — rural and rural — urban).
GMamba achieved the best performance in all settings, improving mloU by an average of 3.76% and
mF1 by 3.13% compared to the baseline. This indicates that GMamba not only preserves semantic
cues under frequency variations but also generalizes effectively to previously unseen domains.

For samples where frequency-domain information may be less effective, spatial features can play
a more critical role. This consideration directly motivated the design of our Frequency-Guided
Modulation Module. The adaptive modulation mechanism

Xmodulated = g(X7 Fglobal) = al(Fgloba]) OX +a (Fglobal) © Fglobal
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enables the model to dynamically balance the contributions of spatial-domain and frequency-domain
information, ensuring robust performance across a wide range of scenarios. As shown in Appen-
dices K.3 and K.4, our experiments comparing different types of frequency information, fusion
strategies, and perturbation conditions confirm that the proposed adaptive modulation mechanism
achieves the best overall performance.

Appendix K.4 Robustness and Cross-Domain Generalization Analysis

To further evaluate the robustness and cross-domain generalization capability of the GMamba model
under complex environments, we adopt UNet-ConvNeXt (S) as the baseline and apply typical input
perturbations including Gaussian noise (0.01), Gaussian blur (k=3), and partial occlusion (5%). As
shown in Table 1, GMamba consistently achieves the best performance under all perturbation set-
tings, with a 5.23% improvement under Gaussian noise and a 5.35% gain under blur, highlighting its
strong noise resistance and stability. In addition, to assess the model’s adaptability to cross-domain
scenarios, we conduct domain generalization experiments on the LoveDA dataset. As reported in
Table 2, GMamba not only enhances semantic representation but also significantly alleviates domain
shift, maintaining superior and stable segmentation performance across different domains.

Table 1: Robustness Evaluation under Typical Input Perturbations

Method Clean (%) Noise (0.01) (%) Blur (k=3) (%) Occlusion (5%) (%)
UNet-ConvNext(S) 83.11 77.55 79.15 77.00
+Swin 84.82 79.10 80.30 78.20
+SwinV2 84.36 79.25 80.45 78.35
+ViM 84.24 79.00 80.20 78.10
+VMamba 84.56 79.40 80.60 78.50
+Tiny ViM 84.38 79.35 80.55 78.40
+Mamba Version 84.80 79.70 81.10 78.90
+Spatial Mamba 84.50 79.45 80.85 78.60
+FreqMamba 84.60 80.10 81.50 79.20
+GMamba (Ours) 86.00 82.78 84.50 81.00

Table 2: Cross-Domain Evaluation on LoveDA Dataset

Urban — Rural Rural — Urban
Method
mloU (%) mF1-score (%) mloU (%) mF1-score (%)

UNet-ConVNext(S) 39.13 53.48 52.15 68.12
+Swin 41.05 55.25 54.10 70.05
+SwinV2 41.18 55.40 54.22 70.12
+TinyViM 40.50 54.90 53.70 69.80
+ViM 40.20 54.70 53.45 69.50
+VMamba 39.80 54.30 53.10 69.10
+Mamba Version 40.00 54.50 53.30 69.30
+Spatial Mamba 40.40 54.85 53.55 69.60
+FreqMamba 41.00 55.10 54.00 69.95
+GMamba (Ours) 42.89 58.38 55.63 71.00

Impact: While the frequency-domain approach enhances global perception, it may struggle
in cases where spatial features dominate or where frequency information is less relevant.
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We appreciate your raising this important consideration. We fully agree that, in certain scenarios,
spatial features may be more critical than frequency information. This is precisely the motivation
behind the design of our Frequency-Guided Modulation Module (FGMM).

Adaptive Modulation: Our GSSM module does not simply “inject” frequency information. In-
stead, it employs an adaptive modulation mechanism. As shown in Equation Xjogqulated =
G(X,Faiobal) = a1(Faiopa) © X + a2(Fgioba) @ Fgiobal, the model balances the contributions of
the original spatial features (X') and the global frequency features (Fgjobar) through two dynamically
generated coefficients oy and as.

Data-Driven Learning: These coefficients, oy and aip, are learned from the features themselves via
a small convolutional block. This means that if a task or a particular image region relies primarily
on spatial features, the model can learn to increase o (spatial weight) and decrease oy (frequency
weight), effectively “turning off” or reducing the influence of frequency information.

In the original manuscript, we conducted detailed experiments and analyses on different frequency
information and integration strategies, as shown in Table 3 in Appendix K.3, further demonstrating
the necessity of this adaptive mechanism. Compared to a simple addition strategy (mloU 85.53%),
our adaptive modulation approach achieves a significant improvement (mloU 86.00%), indicating
that the model actively learns how to optimally fuse these two types of information.

Therefore, GSSM does not rely on frequency information blindly; rather, it possesses adaptive learn-
ing capabilities that dynamically adjust the weights of spatial and frequency information according
to task requirements, thereby maintaining robustness across a wide range of scenarios.

Table 3: Ablation Study on Frequency-domain Information

Model Variant mloU (%) mF1 (%) OA (%)
w/o Frequency (NoFreq) 84.01 91.01 93.38
+ High-Frequency Only (HF Only) 85.20 91.83 93.74
+ Low-Frequency Only (LF Only) 85.36 91.94 93.78
+ HF + LF (Simple Addition) 85.53 92.03 93.89
+ HF + LF (Adaptive Modulation, Ours) 86.00 92.31 93.99

Although GMamba is more efficient than self-attention mechanisms, it still introduces ad-
ditional computational overhead compared to simpler SSM-based methods like Vim or
Tiny ViM.

We appreciate your attention to the computational efficiency of GMamba. Our approach is compu-
tationally competitive—even superior—compared to Vim/Tiny ViM.

To support this, we have added new ablation experiments in the main text of the revised manuscript
(see Table 4), as well as efficiency comparison experiments and analyses for GSSM in Appendix
K.6 (see Table 5 and Fig. 1).

Compared to VSSM (Mamba), our GSSM (Ours) introduces only an additional 6.5 ms of inference
latency and 1.42 GB of GPU memory overhead, while achieving a significant improvement of 2.0%
in mIoU. Although there is a slight increase in the number of parameters and FLOPs, this cost is very
limited, demonstrating that the proposed method offers a high marginal gain and excellent trade-off
between accuracy improvement and computational cost. Fig. | illustrates the inference latency and
peak GPU memory of GSSM compared to other global modeling methods at different resolutions.
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Our GSSM exhibits approximately linear growth in both inference latency and peak GPU memory
as the resolution increases.

In Tables 2, 3, and 4 of the revised manuscript, we provide a comprehensive comparison of various
global modeling modules across different tasks and backbone networks. Although GMamba intro-
duces slightly more parameters and FLOPs than Vim and TinyViM, the increase is minimal while
achieving the best performance. This demonstrates substantial marginal gains and an excellent bal-
ance between accuracy and computational cost. The results further show that GMamba remains
highly competitive in terms of computational complexity.

Table 4: Effect of Replacing Global Modeling Module in GMamba

GMamba Variant Params (M) FLOPs (G) mloU (%) mF1 (%) OA (%)
GMamba w/ Self-Attention 74.87 91.20 84.78 91.57 93.62
GMamba w/ VSSM (Mamba) 68.31 82.00 84.01 91.01 93.38
GMamba w/ GSSM (Ours) 71.06 85.66 86.00 92.31 93.99

Table 5: Ablation of GMamba with Different Global Modeling Modules

Global Module Latency (ms /image) GPU Memory (GB) mloU (%)
Self-Attention (Transformer) 68.9 12.78 84.78
VSSM (Mamba) 51.6 8.71 84.01
GSSM (GMamba, Ours) 58.1 10.13 86.00
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Figure 1: Performance comparison of three global modeling modules under different input resolutions.

While GMamba is described as “plug-and-play,” its integration requires careful tuning of
parameters such as modulation coefficients and frequency-domain weights. This could in-
crease the complexity of implementation and training.
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We sincerely appreciate your attention to the practical implementation and training of GMamba.
The “modulation coefficients” and “frequency weights” you mentioned are not hyperparameters
that require manual tuning; rather, they are automatically learned during training.

Frequency Weights (FEM): The low- and high-frequency component weights in FEM (61w, Ohign)
are learnable parameters, optimized end-to-end via standard backpropagation together with the rest
of the network.

Modulation Coefficients (FGMM): The modulation coefficients a; and as are not fixed hyperpa-
rameters. They are dynamically generated by a convolutional block (ConvBlock) whose input is the
current feature map.

We think that this design actually reduces complexity. Users do not need to manually adjust these
weights for new tasks; the module adapts automatically. The plug-and-play nature of GMamba al-
lows it to be inserted like a standard Residual Block and fully optimized through end-to-end training
without any module-specific manual tuning. Furthermore, across all experiments, we strictly main-
tain a consistent number of training epochs, and standard training schedules are sufficient to achieve
optimal performance, introducing no additional training difficulty or convergence burden.

The robustness of GMamba in such challenging scenarios remains unclear, which could
affect its reliability in real-world applications.

We sincerely appreciate your concern regarding the robustness of our model, as it is directly related
to its reliability in practical applications. Thus, we have added a systematic and comprehensive
analysis of robustness and cross-domain generalization in Appendix K.4 of the revised manuscript.

Furthermore, in the experimental section of the main text, we have thoroughly validated GMamba
across multiple tasks (semantic segmentation, object detection, and instance segmentation), vari-
ous datasets (remote sensing and natural scene datasets), different models, and multiple backbone
networks. Our GMamba not only demonstrates significant improvements in accuracy over exist-
ing methods but also maintains a high level of robustness and reliability under complex, noisy, and
cross-domain scenarios.

Appendix K.4 Robustness and Cross-Domain Generalization Analysis

To further evaluate the robustness and cross-domain generalization capability of the GMamba model
under complex environments, we adopt UNet-ConvNeXt (S) as the baseline and apply typical input
perturbations including Gaussian noise (0.01), Gaussian blur (k=3), and partial occlusion (5%). As
shown in Table 6, GMamba consistently achieves the best performance under all perturbation set-
tings, with a 5.23% improvement under Gaussian noise and a 5.35% gain under blur, highlighting its
strong noise resistance and stability. In addition, to assess the model’s adaptability to cross-domain
scenarios, we conduct domain generalization experiments on the LoveDA dataset. As reported in
Table 7, GMamba not only enhances semantic representation but also significantly alleviates domain
shift, maintaining superior and stable segmentation performance across different domains.

Table 6: Robustness Evaluation under Typical Input Perturbations

Method Clean (%) Noise (0.01) (%) Blur (k=3) (%) Occlusion (5%) (%)
UNet-ConvNext(S) 83.11 717.55 79.15 77.00
+Swin 84.82 79.10 80.30 78.20
+SwinV2 84.36 79.25 80.45 78.35
+ViM 84.24 79.00 80.20 78.10
+VMamba 84.56 79.40 80.60 78.50
+TinyViM 84.38 79.35 80.55 78.40
+Mamba Version 84.80 79.70 81.10 78.90
+Spatial Mamba 84.50 79.45 80.85 78.60
+FreqMamba 84.60 80.10 81.50 79.20
+GMamba (Ours) 86.00 82.78 84.50 81.00
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Table 7: Cross-Domain Evaluation on LoveDA Dataset

Urban — Rural Rural — Urban
Method
mloU (%) mF1-score (%) mloU (%) mF1-score (%)
UNet-ConVNext(S) 39.13 53.48 52.15 68.12
+Swin 41.05 55.25 54.10 70.05
+SwinV2 41.18 55.40 54.22 70.12
+TinyViM 40.50 54.90 53.70 69.80
+ViM 40.20 54.70 53.45 69.50
+VMamba 39.80 54.30 53.10 69.10
+Mamba Version 40.00 54.50 53.30 69.30
+Spatial Mamba 40.40 54.85 53.55 69.60
+FreqMamba 41.00 55.10 54.00 69.95
+GMamba (Ours) 42.89 58.38 55.63 71.00
QUESTIONS:

The paper claims to provide the first rigorous mathematical definition of global image mod-
eling, which is a significant contribution. However, it does not compare this definition with
existing heuristic approaches in detail, leaving room for further exploration of how it im-
proves interpretability and theoretical support.

We sincerely appreciate your recognition of the importance of the mathematical definition we pro-
posed. We agree that it is crucial to compare this definition with existing heuristic methods; ac-
cordingly, we have added a detailed discussion at the end of Section 2.1 in the main text and in
Appendix K.1 (Table 8) of the revised manuscript.

Our definition contains two core criteria:

1. Global Gradient Dependence (Equation 1): The norm of the gradient of the output with respect
to any input pixel must be greater than a positive lower bound 7.

2. Non-Sequential Constraint: Due to the non-causal nature of images, the model should not
impose strict sequential dependencies on the input.

Self-Attention: Although self-attention can model global dependencies, its architecture does not
guarantee this. Attention weights are learned dynamically, and the model may focus only on local
pixels, causing the gradient with respect to certain distant pixels to approach zero (7 — 0). As
discussed in the revised manuscript, its globality is an “unstable, empirically observed emergent
property,” rather than an architectural guarantee.

Recurrent SSMs (Vanilla Mamba, ViM, etc.): These methods suffer from structural conflicts.
They rely on causal (recurrent) order to model dependencies, which violates the non-sequential con-
straint of images. Furthermore, as analyzed in Section 2.2.1, their influence on long-range depen-
dencies decays exponentially, making it structurally impossible to satisfy the gradient lower bound
requirement (7 > 0).
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Through this definition, “global modeling” is transformed from a vague empirical concept into a
theoretical property that can be rigorously analyzed and guaranteed during architectural design. We
provide a detailed theoretical comparison in Appendix K.1. In addition, in the experimental sec-
tion, we conduct comprehensive comparisons between existing global modeling modules (e.g., Swin
Transformer, VMamba, ViM) and our GMamba module, which is designed to satisfy this definition.
The results show that our method not only provides stricter theoretical guarantees of globality but
also achieves significant performance improvements, while enhancing the interpretability of module
design. This further validates the necessity and soundness of the proposed theoretical definition.

Table 8: Comparison of Global Modeling Methods with Respect to Theoretical Properties

Method Globality Gradient Dependence Positional Consistency Theoretical Guarantee
Self-Attention  Full token-wise interaction  Partially satisfied (depends on attention weights) Yes Weak
Vanilla SSM Recursive accumulation No (exponential decay) No (depends on sequence order) Weak
VMamba Multi-directional scanning No (still decays) No Weak
DFT Frequency-domain transform Yes Yes Strong
GSSM (Ours) DFT-guided SSM Yes Yes Strong

How does the frequency-domain transfer function derived for SSMs compare to other global
modeling techniques, such as attention mechanisms?

We sincerely thank you for raising this insightful theoretical question. SSMs and Attention mech-
anisms differ fundamentally, which is directly reflected in their “transfer function” or “filtering”
characteristics.

As derived in Section 2.2.1 (Eq. 5), the transfer function of an SSM, H (w), is the Fourier transform
of its convolution kernel K. This defines the SSM as a (dynamic) linear time-invariant (LTT) filter,
which “filters” the input signal in the frequency domain. However, due to the recursive structure
of conventional SSMs, their modeling is performed in a step-wise dynamic manner, which is an
indirect mechanism based on a “causal” modeling paradigm that conflicts with the intrinsic char-
acteristics of images. In contrast, Self-Attention is not an LTI system and thus does not possess a
fixed, input-independent transfer function H (w). It is a nonlinear, input-adaptive mechanism. The
“filtering” behavior of Attention (i.e., attention weights) is content-based (Query-Key similarity)
and dynamically computed. Effectively, it generates a unique “filter” for each output position in real
time. As a result, the information obtained through this mechanism is difficult to guarantee a priori.

Our GSSM recognizes the limitations of SSMs for image modeling tasks. Our contribution is not
to “fix” H (w) itself; rather, we leverage the theoretically established frequency-domain modulation
framework for SSMs. After demonstrating the global properties of the DFT, we further employ
DFT-based pre-modulation of the input u;. This step injects global frequency-domain informa-
tion before it enters the SSM, enabling the efficient SSM to process image information under the
guidance of global context, thereby addressing the limitations of causal processing inherent in con-
ventional SSMs for image tasks, and ultimately designing a more efficient and more interpretable
global modeling module.

In the revised manuscript, we have added ablation experiments in the main text (Table 9) and in
Appendix K.6 (Table 10) that compare the performance of GSSM with VSSM and self-attention
mechanisms. These results further demonstrate experimentally that our design outperforms the other
two methods in both performance and efficiency.

Table 9: Effect of Replacing Global Modeling Module in GMamba

GMamba Variant Params (M) FLOPs (G) mloU (%) mF1 (%) OA (%)
GMamba w/ Self-Attention 74.87 91.20 84.78 91.57 93.62
GMamba w/ VSSM (Mamba) 68.31 82.00 84.01 91.01 93.38
GMamba w/ GSSM (Ours) 71.06 85.66 86.00 92.31 93.99
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Table 10: Ablation of GMamba with Different Global Modeling Modules

Global Module Latency (ms/image) GPU Memory (GB) mloU (%)
Self-Attention (Transformer) 68.9 12.78 84.78
VSSM (Mamba) 51.6 8.71 84.01
GSSM (GMamba, Ours) 58.1 10.13 86.00

How does GMamba’s linear-logarithmic complexity compare to the linear complexity of
other SSM-based methods like Vim, VMamba or spatial mamba?

We appreciate your attention to the computational complexity of GMamba. Theoretically, GMamba
has a complexity of O(M log M), which differs from the O(M) complexity of Vim/VMamba.
However, in practice, our method is highly competitive in terms of computation.

In our experiments, the O(M log M) term is implemented using highly optimized FFT (DFT) al-
gorithms, which incur very low computational overhead and run extremely fast. Moreover, since
our proposed GSSM performs only a single scan and does not employ multi-directional scanning or
other complex strategies, the overall computational complexity remains efficient.

This is further validated in the comparative experiments presented in Tables 2, 3, and 4 of the main
text: on a UNet-ResNet34 backbone, GMamba requires 36.30G FLOPs, which is comparable to
ViM (35.81G) and Spatial Mamba (35.72G), introducing almost no additional overhead.

Although the theoretical complexity is “linear-logarithmic,” thanks to the high efficiency of FFT,
GMamba achieves practical computational performance (in terms of FLOPs and latency) compara-
ble to, or even better than, “linear” methods such as Vim and VMamba.



