arXiv:2503.21262v3 [cs.CV] 30 Mar 2026

vGamba: Attentive State Space Bottleneck for
efficient Long-range Dependencies in Visual
Recognition

1 1,2,3

, Adamu Lawan . Shamsuddeen Hassan Muhammad*®),
Jiaquan Zhang?3®, and Chaoning Zhang®

Yunusa Haruna

! NewraLab, Suzhou, China
2 Beihang University, Beijing, China
3 Beijing GoerTek Alpha Labs, Beijing, China
4 Imperial College London, UK
5 University of Electronic Science and Technology of China

Abstract. Capturing long-range dependencies (LRD) efficiently is a
core challenge in visual recognition, and state-space models (SSMs) have
recently emerged as a promising alternative to self-attention for address-
ing it. However, adapting SSMs into CNN-based bottlenecks remains
challenging, as existing approaches require complex pre-processing and
multiple SSM replicas per block, limiting their practicality. We propose
vGamba, a hybrid vision backbone that replaces the standard bottle-
neck convolution with a single lightweight SSM block, the Gamba cell,
which incorporates 2D positional awareness and an attentive spatial
context (ASC) module for efficient LRD modeling. Results on diverse
downstream vision tasks demonstrate competitive accuracy against SSM-
based models such as VMamba and ViM, while achieving significantly
improved computation and memory efficiency over Bottleneck Trans-
former (BotNet). For example, at 2048 x 2048 resolution, vGamba is
2.07x faster than BotNet and reduces peak GPU memory by 93.8%
(1.03 GB vs. 16.78 GB), scaling near-linearly with resolution compa-
rable to ResNet-50. These results demonstrate that Gamba Bottleneck
effectively overcomes the memory and compute constraints of BotNet
global modeling, establishing it as a practical and scalable backbone for
high-resolution vision tasks.

Keywords: Attention Mechanism - Bottleneck - CNN - SSM

1 Introduction

Modeling long-range dependencies (LRD) is essential in visual recognition for
interpreting complex scenes where objects span large spatial regions, such as in
instance segmentation or aerial imagery. Traditional convolutional neural net-
work (CNN) backbones have dominated the field [3[152730,31], and while their
hierarchical structure allows effective feature extraction, their strong inductive
bias and local receptive fields (RF) limit their ability to model LRD. To miti-
gate this, larger kernels and dilated convolutions have been used to expand the
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Fig.1: Bottleneck evolution: CNN,
Transformer and SSM. BoTNet replaces
the 3 x 3 convolution with MHSA while
vGamba replaces it with GCell. At
2048 x 2048 resolution, vGamba is 2.07 x
faster than BoTNet and reduces peak
GPU memory by 93.8% (Sec. .
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Fig. 2: Quantitative comparison of bot-
tleneck designs. vGamba gains +2.8%
Top-1 over BoTNet with 1.4M fewer pa-
rameters and 0.3G lower FLOPs, showing
that the proposed GCell achieves better
representational capacity at lower compu-
tational cost (Sec. [5.1)).

RF; however, larger kernels are computationally expensive, and dilation causes
spatial discontinuities that reduce smooth LRD modeling [7,|39]. The evolution
of bottleneck designs from CNNs to Transformers and more recently to State-
Space Models (SSMs) is illustrated in Fig. [} While BoTNet improves LRD, its
computational overhead is higher. A quantitative comparison of representative
bottleneck designs in terms of parameters, FLOPs and accuracy is provided in
Fig. 2] highlighting the trade-offs between efficiency and performance.

Consequently, Vision Transformers (ViT) [8], [12] have gained popularity for
their ability to capture LRD using self-attention (SA) mechanisms, which allow
them to model global context more effectively than CNN, as shown in the spatial
transport and convergence results in Fig. [3]| However, the computational cost of
SA scales quadratically with sequence length, making ViT computationally ex-
pensive, especially for high-resolution images and real-time applications. Various
techniques, such as low-rank factorization [38], linear approximation [23}28], and
sparse attention |2, have been proposed to reduce computational costs while pre-
serving performance. However, these approaches often involve trade-offs between
efficiency and effectiveness.

State-space models (SSM) [11] have recently emerged as an alternative to SA
mechanisms, offering a more efficient way to model LRD. By capturing sequential
dynamics in a compact form, SSMs reduce computational overhead while main-
taining competitive performance. Mamba [10], a selective SSM, was introduced
to further optimize efficiency, achieving up to 5x higher throughput on sequence
modeling benchmarks by selectively retaining relevant information and reducing
redundant computations. However, adapting SSMs for vision tasks remains chal-
lenging, as it requires specific spatial pre-processing. For instance, VMamba [19]
employs cross-scan and merging strategies requiring four SSM replicas per block,
while ViM [41] introduces bidirectional SSMs requiring two replicas per forward
pass. Although effective, these designs are not suited as drop-in replacements for
the single 3 x 3 convolution in a CNN bottleneck, as the added replicas increase
architectural complexity and memory overhead. This motivates the need for a
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lightweight, single-block SSM design that integrates directly into standard CNN
pipelines. See Fig. [ for architectural illustrations.
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Fig.3: To test the models’ ability to capture LRD, we transport information be-
tween distant spatial diagonal locations, placing the source and target in opposite
corners using different shapes. We compare three bottleneck architectures ResNet-50
(CNN), BotNet (Transformer), and vGamba (SSM) all trained under identical settings
(AdamW, Ir 0.001, 50 epochs, 2242, MSE). ResNet-50 shows an almost straight-line
convergence curve, indicating limited capacity to model LRD. BotNet achieves better
LRD capture than ResNet-50, yet at a higher computational cost due to its quadratic
SA complexity. In contrast, vGamba converges faster and more smoothly, producing
more accurate reconstructions than both ResNet-50 and BotNet, effectively capturing
LRD and spatial transport patterns at lower computational cost.

To this end, we introduce vGamba, inspired by the Transformer bottleneck
[29], we design a lightweight bottleneck module that integrates into the final
layer of ResNet to efficiently capture LRD through a single SSM block. vGamba
is a hybrid vision backbone built upon the Gamba Block, a compact structure
derived from CNN bottlenecks. The Gamba cell extends Mamba for vision tasks
by adapting it to 2D spatial structures and integrating ASC for enhanced spatial
awareness. By combining these components, vGamba improves representational
efficiency and contextual understanding, serving as an efficient alternative to
conventional vision backbones. The contributions of this work are stated below:

— We identify that existing SSM-based vision models require complex pre-
processing and multi-SSM stacking, making them unsuitable as drop-in re-
placements for the 3 x 3 convolution in CNN bottlenecks. We address this
with the Gamba bottleneck, a lightweight single-block SSM design with 2D
positional awareness and an ASC module for efficient LRD modeling.

— vGamba achieves competitive accuracy against SSM-based models including
VMamba and ViM across classification, detection, and segmentation, while
using fewer parameters and lower FLOPs (Sec. .
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— vGamba demonstrates near-CNN-level scaling efficiency: at 2048 x 2048 res-
olution it is 2.07x faster than BoTNet and reduces peak GPU memory by
93.8%, making it practical for high-resolution vision tasks (Sec. .

2 Related Work
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Fig. 4: Schematic comparison of the proposed Gamba cell (c) against (a) VMamba [19|
and (b) VIM [41] as drop-in replacements for the 3 x 3 convolution in the final ResNet
bottleneck stage. VMamba requires four SSM replicas per block and ViM requires two,
incurring higher complexity and FLOPs. Under identical settings, vGamba-B outper-
forms VMamba-B by +1.8% and ViM-B by +0.6% in Top-1 accuracy, while using 6.11M
and 2.60M fewer parameters respectively, demonstrating the best efficiency-accuracy
trade-off with a single SSM block (Appendix A.3.).

Efforts to capture LRD in visual data have evolved across several paradigms.
Early CNN-based approaches focused on enlarging the RF by using larger kernels
or dilated convolutions. For instance, the Global Convolutional Network |26] used
large kernels to model LRD, while the Dilated Residual Network [39] leveraged
dilation to expand the RF without increasing model depth or complexity. While
both approaches are effective, the former increases computational cost, whereas
the latter can introduce gridding artifacts. An alternative is the Non-Local Neu-
ral Network [33], which mitigates this by computing responses as weighted sums
over all positions, effectively capturing spatial-temporal LRD, but at high com-
putational cost.

Building on this direction of global modeling, ViT [8] modeled global context
from the first layer, treating image patches as tokens and linking them through
SA, effectively capturing LRD. However, their quadratic complexity and large
data demands make them resource-intensive. Several works addressed this: Ef-
ficientFormer |38| reduced backpropagation cost via low-rank projections, while
LUNA [23] and UFO-ViT |28] proposed linear variants. SparseViT [2]| further im-
proved efficiency by pruning inactive tokens. Despite these advances, SA-based
models remain costly for high-resolution visual tasks.

More recently, Mamba [10] applied SSMs to sequence modeling, offering effi-
ciency and scalability beyond traditional attention. Originally designed for auto-
regressive tasks, its 1D structure posed challenges for 2D vision. VMamba [19]
extended Mamba with cross-scan and cross-merge operations to capture pixels
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in all directions, creating four replicas of the S6 blocks. ViM |41] introduced bidi-
rectional SSMs, creating forward and backward blocks to better capture LRD
in images, enabling effective visual representation learning. These adaptations
demonstrate that SSMs can provide an efficient alternative to ViTs, but at the
cost of architectural complexity. However, integrating SSMs into standard CNN
pipelines remains challenging. Existing SSM-based models require heavy prepro-
cessing such as cross-scan, cross-merge, or bidirectional replication, resulting in
multiple SSM instances per block and increased architectural complexity, Fig. 4]

To achieve a balance between efficiency and simplicity, it becomes essential
to explore lightweight mechanisms that can embed sequence modeling within
CNN backbones without architectural overhead. Inspired by Bottleneck Trans-
formers [29], which successfully incorporate MHSA into CNN, we aim to bring
SSM into CNN pipelines in a similarly efficient and modular manner.

3 Preliminaries

SSM represents an input sequence x(t) € R through a latent state h(t) € RY
using the following continuous linear system:

h'(t) = Ah(t) + Bx(t), )
y(t) = Ch(t) + Dx(t),
where A € RV*¥ is the state transition matrix, B € RV>*! maps the input to
the state, C € R maps the state to the output, and D € R is a feedthrough
term.
To apply SSMs in deep learning, the continuous system is discretized using
the Zero-Order Hold (ZOH) method, which assumes the input remains constant
over each time step At. The discretized system is defined as:

At
A=e4, B= (/ (:’ATdT) B, (2)
0

leading to the discrete recurrence:

hi, = Ahg_1 + Bay,

_ (3)
yr = Chy + Dxy.

Earlier deep SSM variants such as S4 |11] introduced efficient parameter-
izations and fast discretizations for long-range modeling. Mamba [10] extends
these formulations by making the parameters B, C, and the discretizations scale
input-dependent. This dynamic adaptation allows the model to selectively retain
relevant information and efficiently model LRD, achieving strong scalability and
efficiency beyond traditional attention mechanisms. However, Mamba’s causal
formulation is designed for sequential data, making direct application to 2D
visual inputs non-trivial, a limitation addressed by the proposed Gamba cell

(Sec. [4.1)).
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Fig. 5: Gamba Bottleneck showing Gamba Cell and the ASC module.

Problem Statement. Existing SSM adaptations for visual tasks, such as
VMamba [19] and VIM [41], rely on cross-scan, cross-merge, or bidirectional
operations to adapt 1D SSMs to 2D spatial structures, enabling LRD modeling.
While effective at modeling global context, these designs require multiple SSM
replicas per block, significantly increasing memory usage and architectural com-
plexity, see Fig. [dl This makes them unsuitable as drop-in replacements for the
standard 3 x 3 convolution in CNN bottlenecks, which are designed for efficiency,
modularity, and simplicity.

Goal. Our objective is to adapt Mamba-style SSMs to fit directly into a CNN
bottleneck, replacing the 3 x 3 convolution with a single forward SSM pass per
block. This design aims to efliciently capture LRD within a standard CNN
pipeline while maintaining low computational and memory overhead. By in-
tegrating SSMs in a modular and lightweight manner, we aim to surpass the
effectiveness of traditional CNN and reduce the memory and computational de-
mands of Bottleneck Transformers [29], whose MHSA has quadratic complexity.

4.1 Gamba Cell

The original Mamba model relies on causal state transitions, where the i-th token
depends only on tokens up to position (i — 1) (Eq. . While this is well-suited
for auto-regressive tasks, it introduces long-range decay in visual processing,
weakening spatial dependencies over distance. Unlike VMamba [19] and ViM [41],
which mitigate this by replicating the SSM block in multiple directions, the
Gamba cell preserves the single causal SSM pass and compensates through 2D
Relative Positional Embeddings (RPE) [35] and the ASC module, maintaining
efficiency without sacrificing spatial context. The Gamba cell is shown in Fig. [5]
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Spatial Sequence Encoding. Given an input feature X € REXCXHXW the
Gamba cell proceeds as follows: (i) reshape X to a sequence Xgeq € RE*(HW)xC
and inject 2D RPE, (ii) pass through the Mamba block M, (iii) apply the ASC
module for spatial context refinement (Fig.[6]), and (iv) reshape back to Xou; €
RBXCxHXW

Specifically, spatial priors are injected via RPE P = Ry, + R,, € R**Cx(HW)
where Rj, and R,, encode positional information along the height and width axes
respectively. The position-enriched sequence is:

Xseq = Xseq + PT- (4)

This compensates for the loss of 2D spatial structure during flattening, providing
the SSM with explicit positional context prior to the causal scan.
SSM Processing. The enriched sequence is passed through the Mamba block
M, resulting:

Xmamba = M(Xseq)7 (5>

which captures LRD across the spatial sequence. While the causal scan limits
direct bidirectional interaction, the preceding RPE and the subsequent ASC
module collectively recover fine-grained spatial context, as detailed in Sec. [£.2]
The output is reshaped back to Xy € REXCXHXW The full algorithm of the
Gamba cell is provided in Appendix A.4.

4.2 ASC Module

While SSM captures LRD through global interactions, adding 2D-RPE alone
is insufficient for precise 2D spatial modeling. To address this, we introduce
ASC, a lightweight attentive module that enhances fine-grained spatial context
while preserving global interactions, without the need to reapply the SSM block.
Fig. [0] illustrates ASC implementation. Unlike the original Coordinate Atten-

-
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Input
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Fig. 6: ASC fuses SSM and RPE to form the Gamba cell.

tion |16], which encodes spatial coordinates by separately aggregating horizontal
and vertical features and fusing them uniformly, we extend this design to cap-
ture directional asymmetry and channel-dependent context sensitivity. Specif-
ically, ASC introduces per-channel adaptive gating and axis-wise learnable bi-
ases, enabling each feature channel to dynamically balance horizontal and verti-
cal information while encoding asymmetric spatial priors. Given an input feature



8 Y. Haruna et al.

X € RBXOXHXW “AQC performs coordinate pooling along height (x,) and width
(), followed by shared transformations and gated fusion:

fn = Convy () + bp, (6)
Jw = Convy, (24) + by, (7)
ASC(X) = X @o(afu + (1 - a)fu), s)

where a € R1¥¢*Ix1 ig the learnable per-channel gate, b, and b,, are axis-wise
learnable biases, and ® denotes element-wise multiplication.

These extensions allow ASC to capture fine-grained and asymmetric spatial
dependencies along both axes efficiently, improving localized context modeling
without the overhead of repeated SSM blocks.

Memory and IO Efficiency To capture LRD, BoTNet [29] replaces the 3 x 3
convolution in ResNet-50 bottlenecks with MHSA. However, due to the quadratic
memory complexity O(M?) of MHSA with respect to sequence length M, it is
restricted to the final stage (7 x 7 resolution) to avoid memory explosion.

In contrast, our Gamba bottleneck integrates a Mamba-style selective SSM,
whose computational complexity scales linearly with sequence length O(M).
Moreover, we adopt the IO-aware selective scan implementation of Mamba,
which reduces memory 10 from O(BMEN) to O(BME + EN) by performing
state updates entirely in SRAM and writing back only the output activations.
Since the Gamba cell is introduced only in the fourth low-resolution stage, where
M = %, global modeling is achieved with controlled memory and computa-
tional overhead, preserving the efficiency of the original CNN backbone, with

empirical validation of this scaling behavior provided in Sec. [5.4]

Computation Efficiency The Gamba block leverages SSM to capture LRD
efficiently, similar to SA in Transformers. Given a visual sequence T' € R *MxDP
with default & = 2D, the computational complexities are:

2(self-attention) = 4M D? + 2M?*D, (9)
2(SSM) = 3M(2D)N + M(2D)N, (10)
Q(CNN) = M - K% D2 (11)

Here, SA scales quadratically with sequence length M, whereas SSM scales lin-
early, enabling efficient processing of long sequences. Unlike CNN that capture
local context efficiently, but capturing global interactions requires deeper stacks
or larger RF, increasing memory and computation compared to SSM-based ap-
proaches like vGamba.

4.3 Architectural details

The first three stages capture local details and perform low-level feature ex-
traction, where the input @ € RE*H>XW ig processed through a stem layer and
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standard ResNet bottleneck blocks [15]. These layers extract hierarchical features
while progressively reducing spatial dimensions:

H W
R

H W .
1 ER01X4X4, Z‘QERCZX , $3€RC3 16 7 16

In stage 4, we replace the 3 x 3 convolutional block with Gamba cell, enhanc-
ing LRD and global context modeling. The hybrid vGamba captures feature
representations at deeper levels:

H W
T4 € RE4X 52 %352

Finally, global average pooling (GAP) and a fully connected layer (FC) produce
the final classification output:

y = FC(GAP(24))

More architectural details of vGamba are provided in Appendix A.4.
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5 Experiments
Table 1: Comparison on ImageNet-1K.

We evaluated vGamba on IMAGENET-1K
ImageNet-1K for classifica- Method Size FLOPs Param Top-1
tion (Section [5.1)), ADE20K G ™M) (%)

for segmentation (Section7
and COCO for detection (Sec-
tion . Then qualitative ex-
periments on the AID dataset

ResNet-50 [15] 2242 39 25 762
ResNet-101 [15] 2242 7.6 45 774
ResNet-152 [15] 2242 113 60  78.3

) BoT50 [29] 2242 41 208 783
(]S;I’C?OH . an(‘é p:.rfor EffNet-B2 [31] 2242 10 9  80.1
ADIAMION STUALES (ECHONP-- pNet-B3 [31] 3002 1.8 12 816

Experiments are conducted
on NVIDIA GeForce RTX
4090 GPU, featuring 24 GB

RegNetY-4GF [27] 2242 4.0 21 80.0
RegNetY-8GF [27] 2242 8.0 39 81.7

of GDDR6X VRAM, CUDA ViT-B/16 [8] 3842 554 86 779
Compute Capability 8.9, and ViT-L/16 [§] 3842 190.7 307  76.5
driver version 570.144 with DeiT-S [32] 224% 4.6 22 798
CUDA 12.8 support. DeiT-B |32] 2242 175 8  81.8
Swin-T [20] 2242 45 29 813

. . CoaT-Lite-S |4 2242 4.1 19.8 823

5.1 Classification CrossViT-B |I1|| 2402 20.1 105 822
Settings. The ImageNet-1K  v7j,,_g [41] 2942 513 26  80.3
dataset [6] contains 1.28M v, B [41] 9942 98  81.9

training images and 50K val- EfVMamba-T I25I 2942 0.8 6 76.5
idation images across 1,000 pFvVMamba-S [25] 2242 1.3 11 787
categories. Tralmng follows S4ND-ViT-B I24I 2242 17.1 89 80.4
ConvNeXt [21] setfings, us- yhfamba-T [19] 224> 4.9 30 826

ing augmentations like ran- \faybaVision T [13] 2242 44 31.8 82.3
dom cropping, flipping, label-

smoothing, mixup, and ran- VGamba-B 224> 38 194 811
dom erasing. For 2242 in- vGamba-L 2242 7.6 384 828
vGamba-X 2242 113 54  83.2

put images, we optimize with
AdamW with momentum 0.9,
batch size 64, and weight decay 0.05. Then trained vGamba models for 250
epochs with a cosine schedule and EMA, starting with a 1 x 1072 learning rate.

Results. Table [I] reports ImageNet-1K classification results. Among the
three bottleneck designs, vGamba-B outperforms ResNet-50 by +4.9% and BoT-
Net by +2.8% in Top-1 accuracy, while reducing FLOPs by 0.1G and 0.3G and
parameters by 5.6M and 1.4M respectively, demonstrating a better efficiency—
accuracy trade-off among bottleneck designs. Among Transformer-based models,
vGamba-B surpasses DeiT-S by +1.3% with 0.9G fewer FLOPs and 3.1M fewer
parameters. Among SSM-based models, vGamba-B exceeds VIM-S by +0.8%
with 1.6G lower compute. VMamba-T achieves +1.5% higher accuracy than
vGamba-B, however it requires 1.2G more FLOPs and 11.1M more parameters,
confirming that vGamba-B achieves competitive accuracy without the overhead
of multi-directional SSM replication.
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5.2 Segmentation

Settings. We conducted se- Table 2: Comparison of semantic segmentation re-
mantic segmentation experi- sults on ADE20K using UperNet. FLOPs are mea-

ments using ADE20K dataset sured with an input size of 512x2048.

[40] within the UperNet frame- ADE20K
work [37]. The backbone net-  Backbone Param FLOP mloU mloU
work was initialized with pre- (M) (G) (SS) (MS)

trained weights from ImageNet-

\ " ResNet-50 [15] 67 953 42.1 428

1K [6], while th -
ing lccl)%lp“én;flts e ResNet-101 [15] 85 1030 42.9 44.0
domly initialized. Model opti- CORvNeXt-T [21] 60 939 46.0 46.7
ConvNeXt-S [21] 82 1027 48.7 49.6

mization was performed using
the AdamW optimizer with a DeiT-S + MLN [32] 58 1217 43.8 45.1
batch size of 16. The model DeiT-B + MLN [32] 144 2007 45.5 47.2

was trained for 160k iterations Swin-T [20] 60 945 44.5 45.8
to ensure thorough learning. Swin-S [20] 81 1039 47.6 49.5
Results. Table [ reports Swin-B [20] 121 1188 48.1 -
semantic segmentation results Vim-S [41] 46 9
on ADE20K using UperNet. y\rypa-r fig] 62 049 479 488
Among CNN backbones, vGambagy\r,11a-§ [19] 82 1028 50.6 51.2
B improves over ResNet-50 v\ ropa B [19] 122 1170 51.0 516

bZM+?~5% S8 mloU Witg Eff.VMamba T [25] 14 230 38.9 39.3
1 ewer parameters and  pgyhzfamba S [25] 29 505 415 42.1

comparable FLOPs, confirm- pg yamba B [25) 65 930 465 47.3
ing that the Gamba cell en-

hances spatial context mod- vGamba-B 95 941 46.6 46.7
eling over pure CNN fea- vGamba-L 71 1019 46.9 47.8

ture extraction. Compared to

Transformer-based backbones, vGamba-B surpasses DeiT-S+MLN by +2.8%
SS mloU while requiring 276G fewer FLOPs, and matches Swin-T (42.1%)
at comparable parameters and compute. Among SSM-based models, vGamba-
B achieves +1.7% over ViM-S and comparable performance to Eff. VMamba-B
(40.1%) with similar compute. VMamba-T and VMamba-S achieve higher mIoU
than vGamba-B by 1.3% and 4.0% respectively, however both require additional
parameters and FLOPs, reflecting the cost of multi-directional SSM replication.
Overall, vGamba-B achieves a competitive efficiency—accuracy trade-off across
all backbone categories.

5.3 Object Detection

Settings. We evaluated our model on object detection and instance segmenta-
tion tasks using the COCO 2017 dataset |18|, which consists of approximately
118K training images and 5K validation images. vGamba was utilized as the
backbone and integrated into the Mask R-CNN framework [14] for feature ex-
traction. The model was initialized with weights pre-trained on ImageNet-1K
(300 epochs) and trained for 12 epochs (1x) and 36 epochs (3x).
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Results. Table [3] reports Table 3: Cascade Mask R-CNN detection results.

object detfection and instance L hone FLOPs Params AP, AP,,
segmentation results across el M
G (M)

three schedules.
Mask R-CNN 1 x. vGamba- Mask R-CNN 1x schedule
B achieves Comparable de- Swin-T I20| 267G 48M  42.7 39.3
tection to VMamba-T (724 ConvNeXt-T l21| 262G 48 44.2 40.1

Swin-S [20] 354G 69 44.8 40.9

fewer FLOPs at similar pa-

rameter count, and surpasses ConvNeXt-S [21] 348G 70 454 41.8
both Swin-T and ConvNeXt- VMamba-S l19| 349G 70 48.7 43.7
spectively with fewer FLOPS, ConvNeXt-B I21| 486G 108 47.0 42.7
reflecting the efficiency ad. VMamba-B [19] 485G 108 492 44.1
vantage of the single-block VGamba-B 225G 49 449 420
SSM design. vGamba-L 254G 71 49.8 45.3
Mask R-CNN 3x MS. Mask R-CNN 3x MS schedule

vGamba-L outperforms VMamb&win-T [20] 267G 48 46.0 41.6
Sby +1.4 AP, and +1.9 AP,, ConvNeXt-T |21] 262G 48  46.2 41.7
with 95G fewer FLOPs and VMamba-T [19] 271G 50 48.8 43.7
comparable parameters, con- Swin-S [20] 354G 69 48.2 43.2
firming that vGamba bene- ConvNeXt-S |21] 348G 70 479 429
fits proportionally more from VMamba-S [19] 349G 70 49.9 44.2
longer training schedules rel- vGamba-L 254G 71 51.3 46.1

ative to its compute cost. Cascade Mask R-CNN 3x MS schedule

Cascade  Mask R-CNN g 16 [32) 889G 80 48.0 41.4
8x  MS. vGamba-B sur- g oNet 50 (15 739G 82 463 40.1
passes Swin-T and ConvNeXt- g, 1 o) T45G 86 504 43.7
T by +04 APy with 10M ¢ oNeXET 21] 741G 86 50.4 43.7
fewer parameters at compa- \r. pavigion-T [13] 740G 86 51.0 44.3
rable FLOPs. MambaVision- g .\ g a0 838G 107 51.9 45.0
T achieves +0.2 AP, higher o, NoXT g R1] 827G 108 519 45.0
than vGamba-B with 10M  yroopovigon 'S i3] 828G 108 52.1 45.2
more parameters, reflecting g, B o) 982G 145 51.9 45.0
a competitive efficiency-accuracyry ) oNoXEB P1] 964G 146 52.7 45.6
trade-off among SSM-based 1 bavision-B [13] 964G 145  52.8 45.7
detection backbones. vGamba-B 727G 76 50.8 43.7

vGamba-L 905G 123 52.0 45.3

5.4 Scaling Performance

We evaluate the scaling performance of ResNet-50, BoTNet, and vGamba back-
bones across input resolutions of 512, 640, 768, 1024, and 2048. For each set-
ting, we measure inference throughput (FPS) and peak GPU memory consump-
tion. This analysis provides insight into each model’s computational efficiency
and practical suitability under varying resolution and hardware constraints. As



vGamba: visual bottleneck 13

Latency (p50) vs Resolution (B=1, AMP=none) Peak GPU Memory (allocated) vs Resolution (B=1, AMP=none)
17500
80 —o— ResNet —e— ResNet
BotNet 15000 BotNet
707 _e~ vGamba —e— vGamba

12500

s)
a
3

0
@
3

10000

IS
8

7500

Latency p50 (m:
Peak allocated (MB)

w
3

5000

N
S

2500
= o] —o—mt——e ——o——°

600 800 1000 1200 1400 1600 1800 2000 600 800 1000 1200 1400 1600 1800 2000
Resolution (R) Resolution (R)

=)

(a) FPS comparison (speed) (b) Memory usage

Fig. 7: Scaling behavior of ResNet-50, BoTNet and vGamba across increasing input
resolutions. (a) Throughput decreases more rapidly for BoTNet as spatial size grows.
(b) Peak memory usage shows superlinear growth for BoTNet, while vGamba follows
a near-linear trend comparable to ResNet-50.

shown in Figure [7} vGamba achieves computational and memory scaling be-
havior comparable to ResNet-50 [15], indicating near-CNN-level efficiency. In
contrast, BoTNet [29] demonstrates substantially higher memory growth and
reduced throughput as resolution increases. For example, at 2048 x 2048 resolu-
tion, vGamba is 2.07x faster than BoTNet (39.41 ms vs. 81.47 ms) and reduces
peak GPU memory usage by 93.8% (1.03 GB vs. 16.78 GB) under identical
inference settings. Additional details are provided in Appendix A.1.

5.5 Qualitative Experiments

To understand model behavior beyond quantitative metrics, we conduct qual-
itative analyses focusing on interpretability and receptive field characteristics.
Specifically, we investigate (1) attention localization using Hi-Res-CAM |[9] and
(2) effective receptive field (ERF) 22| distributions across layers. These analy-
ses reveal how the proposed architecture captures long-range dependencies and
contextual information in complex aerial scenes.

Hi-Res-CAM was applied on the AID dataset [36] (see Appendix A.2 for imple-
mentation details) to visualize attention regions. AID contains large-scale aerial
scenes with long-range spatial dependencies. As shown in Fig. [§] heatmaps in-
dicate that the model attends to both discriminative local textures and broader
semantic layouts, such as runways, roads, and surrounding infrastructure. Unlike
CNNs such as ResNet [15], which focus on isolated local patches, ViT-B/16 [8]
captures long-range dependencies, though interpretability can be affected by
high norms during inference [5] and computation cost is higher. ViM [41] and
BotNet [29] also performs competitively. Our approach captures globally coher-
ent regions aligned with scene semantics, confirming that it integrates local and
long-range cues and produces meaningful decision regions.
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Fig. 8: Hi-Res-CAM visualization on AID, highlighting model decision regions.

ERF quantifies how much of the input image effectively contributes to an output
activation, revealing how models capture LRD beyond their theoretical receptive
field . We compare ResNet-50, BoTNet, and vGamba under identical settings
(see Appendix A.2 for implementation details). As shown in Fig. [0} ResNet-50
exhibits local ERFs, while BoTNet achieves global coverage via attention and
vGamba attains comparable global context more efficiently through its SSM-
based design. ERFs remain local in layers 0-3 but expand globally in layer 4,
validating the Gamba cell placement for efficient LRD modeling.

convl layerl layer2 layer3 layerd
o
4013
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convl layerl layer2 layer3 layera
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s |
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Fig. 9: ERF comparison among ResNet-50, BoTNet, and vGamba across layers.
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5.6 Ablation

Effects of Components.Table [4] (a) ablates each GCell component. Adding
RPE alone improves top-1 to +2.2% gain without incuring computational com-
plexity, confirming that positional priors compensate for spatial structure lost
during flattening. Adding ASC alone results in a stronger +2.6% gain at a
marginal cost of +0.5G FLOPs. Combining both achieves the best result at
+2.8%, showing that RPE and ASC are complementary rather than redundant.
Effects of Attention. Table[d](b) compares ASC against established attention
alternatives under identical settings. SE Block [17] and CBAM [34] underper-
form by —1.1% and —0.8% respectively, SE operates channel-wise only, while
CBAM lacks directional bias. Coordinate Attention [16] falls short by —0.5%,
lacking per-channel gating and axis-wise biases for asymmetric spatial priors.
ASC achieves the highest accuracy at comparable FLOPs and parameters, con-
firming that per-channel gating and axis-wise biases are the key differentiators.
See Appendix A.3 for additional ablations.

Table 4: Ablation (a) Gamba cell components and (b) spatial attention mechanisms.

(a) Components Top-1 FLOPs Param (b) Attention Top-1 FLOPs Param

None 78.3% 3.38G 19.38M SE Block |17] 80.0% 3.87G 19.47TM
RPE only 80.5% 3.38G 19.38M CBAM |[34] 80.3% 3.87G 19.47TM
ASC only 80.9% 3.88G 19.45M Coord. Attn. [16] 80.6% 3.88G 19.45M
RPE + ASC 81.1% 3.88G 19.45M ASC (Ours) 81.1% 3.88G 19.45M

6 Conclusion

This work advances bottleneck design for LRD modeling by demonstrating that
a single, lightweight SSM-enhanced bottleneck can replace both CNN and Trans-
former bottlenecks while efficiently capturing global context. The Gamba bot-
tleneck embeds a spatially aware SSM (the Gamba cell) and the ASC module
into a compact structure that maintains representational strength. The result-
ing backbone, vGamba, outperforms CNN- and Transformer-based alternatives
across downstream tasks, capturing LRD more accurately and with smoother
convergence while using lower memory and FLOPs. Overall, vGamba provides
a practical, scalable alternative to existing visual backbones.

Limitations. While vGamba demonstrates strong performance across standard
benchmarks, its effectiveness on domain-specific tasks requiring extreme preci-
sion, such as medical imaging, remains unevaluated. Furthermore, restricting
the Gamba cell to stage 4 only may limit fine-grained feature modulation in
earlier stages, which could affect performance on dense prediction tasks such as
segmentation, as reflected in the segmentation results (Sec. .
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