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Abstract

Prior efforts in light-weight model development mainly cen-
tered on CNN and Transformer-based designs yet faced per-
sistent challenges. CNNs adept at local feature extraction
compromise resolution while Transformers offer global reach
but escalate computational demands O(N2). This ongoing
trade-off between accuracy and efficiency remains a signif-
icant hurdle. Recently, state space models (SSMs), such as
Mamba, have shown outstanding performance and competi-
tiveness in various tasks such as language modeling and com-
puter vision, while reducing the time complexity of global
information extraction to O(N). Inspired by this, this work
proposes to explore the potential of visual state space mod-
els in light-weight model design and introduce a novel ef-
ficient model variant dubbed EfficientVMamba. Concretely,
EfficientVMamba integrates a atrous-based selective scan
approach by efficient skip sampling, constituting building
blocks designed to harness both global and local represen-
tational features. Additionally, we investigate the integration
between SSM blocks and convolutions, and introduce an effi-
cient visual state space block combined with an additional
convolution branch, which further elevate the model per-
formance. Experimental results show that, EfficientVMamba
scales down the computational complexity while yields com-
petitive results across a variety of vision tasks. For example,
EfficientVMamba-S with 1.3G FLOPs improves Vim-Ti with
1.5G FLOPs by a large margin of 5.6% accuracy on Ima-
geNet.

Code — https://github.com/TerryPei/EfficientVMamba

Introduction
Convolutional networks, exemplified by models such as
ResNet (He et al. 2016), Inception (Szegedy et al. 2017),
and EfficientNet (Tan and Le 2019a), and Transformer-
based networks, such as Swin-Transformer (Liu et al. 2021),
Beit (Bao et al. 2021), and Resformer (Zamir et al. 2022)
have been extensively applied to visual tasks including im-
age classification, detection, and segmentation, achieving
remarkable results. Recently, Mamba (Gu and Dao 2023),
a network based on state-space models (SSMs) (Gu et al.
2021; Gu, Goel, and Ré 2021; Gupta, Gu, and Berant 2022;

*Equal contributions.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Lightweight Model Performance Comparison on
ImageNet. EfficientVMamba outperforms previous work
across various model variants in terms of both accuracy and
computational complexity.

Li et al. 2022a), has demonstrated competitive performance
to Transformers (Vaswani et al. 2017) in sequence model-
ing tasks such as language modeling. Inspired by this, some
works (Zhu et al. 2024; Liu et al. 2024b; Ruan and Xiang
2024; Xing et al. 2024; Liu et al. 2024a) are pioneering in
introducing SSMs into vision tasks. Among these methods,
Vmamba (Liu et al. 2024b) stands out by introducing an
SS2D method to preserve 2D spatial dependencies by scan-
ning images from multiple directions.

However, the impressive performance achieved by these
various architectures usually comes from the scaling up of
model sizes, making a critical challenge in applying them
on resource-constrained devices. In pursue of light-weight
models, many studies have been conducted to reduce the re-
source consumption of vision models while keeping a com-
petitive performance. Early works on efficient CNNs mainly
focus on narrowing the original convolutional block with ef-
ficient group convolutions (Howard et al. 2017; Sandler et al.
2018), light skipping connections (Ma et al. 2018; Han et al.
2020), e.t.c. While recently, due to the remarkable success
of including the global representation ability of Transform-
ers into vision tasks, some works are proposed to reduce the
computation complexity of ViTs (Liu et al. 2021; Tu et al.
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Figure 2: Illustration of efficient 2D scan methods (ES2D).
(a.) Vmamba (Liu et al. 2024b) employs SS2D method in
vision tasks, traversing entire row or column axes, which in-
curs heavy computational resources. (b.) We present an effi-
cient 2D scanning method, ES2D, which organizes patches
by omitting sampling steps, and then proceeds with an intra-
group traversal (with a skipping step of 2 in the Figure). The
proposed scan approach reduces computational demands
(4N → N ) while preserving global feature maps (e.g. Each
group contains eye-related patches).

2022; Wang et al. 2021; Huang et al. 2022) and fuse ViTs
with CNNs in light-weight models (Mehta and Rastegari
2021; Li et al. 2022b; Tu et al. 2022). However, the lighten-
ing of ViTs are usually obtained with the lost of global cap-
ture capability in self-attention. Due to theO(N) time com-
plexity of global self-attention, its computation and memory
costs increase dramastically at large resolutions. As a result,
existing efficient ViT methods have to perform local self-
attentions within partitioned windows (Liu et al. 2021; Tu
et al. 2022; Huang et al. 2022), or only conduct global self-
attentions in deeper stages with low resolutions (Mehta and
Rastegari 2021; Li et al. 2022b). The embarrassing trade-off
and rollback of ViTs to CNNs hinders the ability to further
improve the light-weight models.

In this paper, recalling the previously mentioned linear
scaling complexity in SSMs, we are inspired to obtain ef-
ficient global capture ability in light-weight vision mod-
els by involving SSMs into model design. Its outstanding
performance is demonstrated in Figure 1. We achieve this
by first introducing a skip-sampling mechanism, which re-
duces the number of tokens that need to be scanned in the
spatial dimension, and saves multiple times of computa-
tion cost in sequence modeling of SSMs while keeping the
global receptive field among tokens, as illustrated in Fig-
ure 2. On the other hand, acknowledging that the convo-
lutions provide a more efficient way for feature extraction
in the case when only local representations suffice, we in-
troduce a convolution branch in supplement of the origi-
nal global SSM branch, and perform feature fusion of them
through the channel attention module, SE (Hu, Shen, and
Sun 2018). Finally, for an optimal allocation of capabili-
ties of various block types, we construct our network with
global SSM blocks in the shallow and high-resolution layers,
while adopting efficient convolution blocks (MobileNetV2
blocks (Sandler et al. 2018)) in the deeper layers. The final
network, achieving efficient SSM computation and efficient
integration of convolutions, has showcased significant im-
provements compared to previous CNN and ViT based light-

weight models through our experiments on image classifica-
tion, object detection, and semantic segmentation tasks.

In summary, the contributions of this paper are as follows.

1. We propose an atrous-based selective scanning strategy,
which is realized through a novel skip sampling and
regrouping patched in the spatial respective field. The
strategy refines the building blocks to efficiently extract
global dependencies while reducing computation com-
plexity (O(N)→ O(N/p2)) with step p.

2. We introduce a dual-pathway module that combines our
efficient scanning strategy for global feature capture and
a convolution branch for efficient local feature extraction,
along with a channel attention module to balance the in-
tegration of both global and local features. Besides, we
propose a better allocation of SSM and CNN blocks by
promoting SSMs in early stages with high resolutions for
better global capture, while adopting CNNs in low reso-
lutions for better efficiency.

3. We conduct extensive experiments on image classi-
fication, object detection, and semantic segmentation
tasks. The results and illustration shown in Figure 2
demonstrate that, EfficientVMamba effectively reduces
the FLOPs while achieving significant performance im-
provements compared to existing light-weight models.

Related Work
Light-weight Vision Models In recent years, the realm of
vision tasks has been predominantly governed by Convo-
lutional Neural Networks (CNNs) and Visual Transformer
(ViT) architectures. The focus on making these architectures
lightweight to enhance efficiency has become a promis-
ing research direction. Notable advancements in CNNs,
such as ResNet (He et al. 2016), RegNet (Schneider et al.
2017), and DenseNet (Iandola et al. 2014), have signifi-
cantly improved image classification accuracy. These ad-
vancements introduced a need for lightweight architectures
(Wang et al. 2018), which has been addressed through
various factorization-based methods, making CNNs more
mobile-friendly. For instance, separable convolutions intro-
duced by Xception have been instrumental in this regard,
leading to the development of state-of-the-art lightweight
CNNs, such as MobileNets (Howard et al. 2017), Shuf-
fleNetv2 (Ma et al. 2018), ESPNetv2 (Mehta et al. 2019),
MixConv (Tan and Le 2019b), MNASNet (Tan et al. 2019),
and GhostNets (Han et al. 2022). These models are not
only versatile but also relatively simpler to train. Follow-
ing CNNs, Transformers have gained significant traction
in various vision tasks. The lightweight versions of Trans-
formers have been achieved through diverse methods. On
the training front, sophisticated data augmentation strate-
gies and techniques like Mixup (Zhang et al. 2017), CutMix
(Yun et al. 2019), and RandAugment (Cubuk et al. 2020)
have been employed, as seen in models like CaiT (Tou-
vron et al. 2021b) and DeiT-III (Touvron, Cord, and Jégou
2022), which demonstrate exceptional performance without
the need for large proprietary datasets. From the architec-
tural design perspective, efforts have been concentrated on
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optimizing self-attention input resolution and devising at-
tention mechanisms. Innovations like PVT-v1 (Wang et al.
2021)’s emulation of CNN’s feature map pyramid, Swin-T
(Liu et al. 2021) and LightViT (Huang et al. 2022)’s hier-
archical feature map and shifted-window mechanisms, and
the introduction of (multi-scale) deformable attention mod-
ules in Deformable DETR (Zhu et al. 2020) exemplify these
advancements. There is also NAS for ViTs (Su et al. 2022).

State Space Models The State Space Model (SSM) (Gu
et al. 2021; Gu, Goel, and Ré 2021; Gupta, Gu, and Berant
2022; Li et al. 2022a) is a family architecture encapsulates
a sequence-to-sequence transformation has the potential to
handle tokens with long dependencies, but it is challeng-
ing to train due to its high computational and memory us-
age. Nevertheless, recent works (Gu, Goel, and Ré 2021;
Gupta, Gu, and Berant 2022; Gu et al. 2022; Gu and Dao
2023) have enabled deep State Space Models to become pro-
gressively more competitive with CNN and Transformer. In
particular, S4 (Gu, Goel, and Ré 2021) employs a Normal
Plus Low-Rank (NPLR) representation to efficiently com-
pute the convolution kernel by leveraging the Woodbury
identity for matrix inversion. Mamba (Gu and Dao 2023)
enhances SSMs with input-specific parameterization and a
scalable, hardware-optimized algorithm, achieving simpler
design and superior efficiency in processing long sequences
for language and genomics. Following success of SSM,
there has been a surge in applying the framework to com-
puter vision tasks. S4ND (Nguyen et al. 2022) first intro-
duce the SSM blocks into vision tasks, facilitating the mod-
eling of visual data across 1D, 2D, and 3D as continuous sig-
nals. Vim (Zhu et al. 2024) pioneers a Mamba-based back-
bone for vision tasks by leveraging bidirectional state space
modeling for global visual context. Similarly, Vmamba (Liu
et al. 2024b) introduces a cross-scan module to address the
direction-sensitivity issue arising from the differences be-
tween 1D sequences and multi-channels images.

Preliminaries
State Space Models (S4)
State Space Models (SSMs) are a general family of sequence
model used in deep learning that are influenced by systems
capable of mapping one-dimensional sequences in a contin-
uous manner. These models transform input D-dimensional
sequence x(t) ∈ RL×D into output sequence y(t) ∈ RL×D

by utilizing a learnable latent state h(t) ∈ RN×D that is not
directly observable. The mapping could be denoted as:

h′(t) = Ah(t) +Bx(t),

y(t) = Ch(t),
(1)

where A ∈ RN×N , B, C, and D are with shape D ×N .
Discretization. Discretization aims to convert the contin-

uous differential equations into discrete functions, aligning
the model to the input signal’s sampling frequency for more
efficient computation (Gu et al. 2021). Following the work
(Gupta, Gu, and Berant 2022), the continuous parameters
(A, B) can be discretized by zero-order hold rule with a
given sample timescale ∆ ∈ RD:

Ā = e∆A, B̄ = (e∆A − I)A−1B, C̄ = C,

B̄ ≈ (∆A)(∆A)−1AB = ∆B,

h(t) = Āh(t− 1) + B̄x(t),

y(t) = C̄h(t),

(2)

where Ā ∈ RN×N , B̄ ∈ RD×N and C̄ ∈ RD×N .

Selective State Space Models (S6)

Mamba (Gu and Dao 2023) improves the performance of
SSM by introducing Selective State Space Models (S6), al-
lowing the continuous parameters to vary with the input en-
hances selective information processing across sequences,
which extend the discretization process by selection mecha-
nism:

B̄ = sB(x), C̄ = sC(x),

∆ = τA(Parameter + sA(x)),
(3)

where sB(x) and sC(x) are linear functions that project in-
put x into an N-dimensional space, while sA(x) broadens
a D-dimensional linear projection to the necessary dimen-
sions. In terms of visual tasks, VMamba proposed the 2D
Selective Scan (SS2D) (Liu et al. 2024b), which maintains
the integrity of 2D image structures by scanning four di-
rected feature sequences. Each sequence is processed inde-
pendently within an S6 block and then being combined to
form a comprehensive 2D feature map.

Method
In order to design light-weight models that are friendly to
resource-limited devices, we propose EfficientVMamaba,
which is summarized in Figure 3. We introduce an efficient
selective scan approach to reduce the computational com-
plexity in Section , and build a block considering both global
and local feature extraction with the integration of SSMs
and CNNs in Section . Regarding the design of architecture,
Section then offers an in-depth look at various architectural
variations tailored to different model sizes.

Efficient 2D Scanning (ES2D)

In deep neural networks, downsampling via pooling or
strided convolution is employed to broaden the receptive
field with a lower computational cost; however, this comes
at the expense of spatial resolution. Previous works (Yu and
Koltun 2015; Tu et al. 2022) demonstrate apply atrous-based
strategy benefits broadening the receptive field without sac-
rificing resolution. Inspired by this observation and aiming
to alleviate and light the computational complexity of selec-
tive scanning, we propose an efficient 2D scanning (ES2D)
method to scale down the visual selective scan block (SS2D)
via skipping sampling for each patches on the feature map.
Given a input feature map X ∈ RC×H×W , instead of cross-
scan whole patches, we skip scan patches with a step size
p and partition into selected spatial dimensional features
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Figure 3: Architecture overview of EfficientVMamba. We hightlight our contributions with corresponding colors in the Figure.
(1) ES2D : Atrous-based selective scanning strategy via skip sampling and regrouping in the spatial space. (2) EVSS : The EVSS
block merges global and local feature extraction with modified ES2D and convolutional approaches enhanced by Squeeze-
Excitation blocks for refined dual-pathway feature representation. Inverted Fusion : Inverted Fusion places local-representation
modules in deep layers, deviating from traditional designs by utilizing EVSS blocks early for global representation and inverted
residual blocks later for local feature extraction.

{Oi}4i=1:
Oi

scan←−−X[:,m :: p, n :: p],

{Õi}4i=1 ← SS2D({Oi}4i=1),

Y [:,m :: p, n :: p]
merge←−−− Õi,

(4)
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where Oi, Õi ∈ RC×H
p ×W

p and the operation [:,m :: p, n ::
p] represents slicing the matrix for each channel, starting at
m on height (H) and n on width (W ), skipping every p steps.
The process decomposes the fully scanning method into
both local and global sparse forms. Skip sampling for local
receptive fields reduces computational complexity by selec-
tively scanning smaller patches of the feature map. With a
step size p, we sample the (C,H/p,W/p) patches at inter-
vals of p, compared to (C,H,W ) in the SS2D, decreasing
the number of tokens processed from N to N

p2 for each scan
and merge operation, which improves feature extraction effi-
ciency. Re-grouping for global spatial feature maps in ES2D
involves combining the processed patches to reconstruct the
global structure of the feature map. This integration captures
broader contextual information, balancing local detail and
global context in feature extraction. Accordingly, our design

is intended to streamline the scanning and merging modules
while maintaining the essential benefit of global integration
in the state-space architecture, ensuring that the feature ex-
traction remains comprehensive on the spatial axis.

Efficient Visual State Space Block (EVSS)
Based on the efficient selected scan approach, we introduce
the Efficient Visual State Space (EVSS) block, which is de-
signed to synergistically merge global and local feature rep-
resentations while maintaining computational efficiency. It
leverages a SqueezeEdit-modified ES2D for global informa-
tion capture and a convolutional branch tailored to extract
critical local features, with both branches undergoing a sub-
sequent Squeeze-Excitation (SE) block (Hu, Shen, and Sun
2018). The ES2D module aims to efficiently abstract global
contextual information by implementing an intelligent skip-
ping mechanism presented in . It selectively scans the map
with a step size p, reducing redundancy without sacrificing
the representational quality of the global context in the re-
sultant spatial dimensional features. Parallel to this, empir-
ical evidence concurs that convolutional operations offer a
more proficient approach to feature extraction, particularly
in scenarios where local representations are adequate. We
introduce the convolutional branch concentrates on discern-
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ing fine-grained local details through a 3× 3 convolution of
stride 1. The subsequent SE block adaptively recalibrates the
features, allowing the network to auto re-balanced the local
and global respective field on the feature map.

The outputs of the respective SE blocks are combined via
element-wise summation to construct the EVSS’s output and
the dual pathway could be denoted as:

X l+1 = SE(ES2D(X l)) + SE(Conv(X l)), (5)
where X l represent the feature map of the l-layer and SE(·)
is the Squeeze-Excitation operation. With each pathway uti-
lizing a SE block, the EVSS ensures that the respective fea-
tures of global and local information are dynamically re-
balanced to emphasize the most salient features. This fusion
aims to preserve the integrity of both the expansive global
perspective and the intricate local specifics, facilitating a
comprehensive feature representation.

Inverted Insertion of EfficientNet Blocks
As a well-established consensus, the computational effi-
ciency of convolutional operations is more efficient than
that of the global-based block such as Transformer. Prior
light-weight work efforts have predominantly employed
computation-efficient convolutions in the former stages to
scale down the token numbers to reduce computational com-
plexity, subsequently integrating global-based blocks (e.g.,
Transformer with the computational complexity of O(N2))
to capture global context in the latter stages. For exam-
ple, MobileViT (Mehta and Rastegari 2021) adopts pure
MobileNetV2 blocks in the first two downsampling stages,
while only integrating self-attention operations in the latter
stages at low resolutions. EfficientFormer (Li et al. 2022b)
introduces two types of base blocks, the convolution-based
blocks with local pooling are used in the first three stages,
and the transformer-like self-attention blocks are only lever-
aged in the last stage.

However, the observation is contrast on the Mamba-based
block. In the SSM framework, the computational complex-
ity for global representation is O(N), indicating that plac-
ing local representation modules at either the front or the
back of the stage could be reasonable. Through empirical
observation in Table 5, we found positioning these local-
representation modules towards the latter layers of the stage
yields better results. This discovery significantly deviates
from the design principles of previous CNN-based and
Transformer-based lightweight models, thereby we call it
inverted insertion. Consequently, our designed L stages
architecture is an inverted insertion of EfficientNet Blocks
(MobileNetV2 blocks with SE modules), which utilizes
EVSS blocks in the former two stages to capture global-
representation and Inverted Residual blocks (InRes) (San-
dler et al. 2018) in the subsequent stages to extract local fea-
ture maps:

X l+1 =

{
EVSS(X l) if X l ∈ {stage1, stage2};
InRes(X l) otherwise,

(6)

where X l is the feature map in the l-layer. The inverted in-
sertion design of using the shortcuts directly between the
bottlenecks is considerably more memory efficient (Sandler
et al. 2018).

EfficientVMamba-T EfficientVMamba-S EfficientVMamba-B

#Dims [48, 96, 192, 384] [96, 192, 384, 768] [96, 192, 384, 768]

Stage 1 EVSS × 2 EVSS × 2 EVSS × 2
Stage 2 EVSS × 2 EVSS × 2 EVSS × 2
Stage 3 InRes × 4 InRes × 4 InRes × 9
Stage 4 InRes × 2 InRes × 2 InRes × 2

Params. (M) 6 11 33
FLOPs (G) 0.8 1.3 4.0

Table 1: Model variants of EfficientVMamba.

Model Variants
To sufficiently demonstrate the effectiveness of our pro-
posed model, we detail architectural variants rooted in plain
structures as referenced in (Zhu et al. 2024). These variants
are designated as EfficientVMamba-T, EfficientVMamba-
S, and EfficientVMamba-B, shown as Table 1, correspond-
ing to different scales of the model. EfficientVMamba-T
is the most lightweight with 6M parameters, followed by
EfficientVMamba-S with 11M, and EfficientVMamba-B be-
ing the most complex with 33M. In terms of computa-
tional load, measured in FLOPs, the models exhibit a par-
allel increase with 0.8G for EfficientVMamba-T, 1.3G for
EfficientVMamba-S, and 4.0G for EfficientVMamba-B, cor-
relating directly with their complexity and feature size.

Experiments
To rigorously evaluate the performance of our diverse model
variants, we demonstrate the results of image classification,
object detection, and semantic segmentation tasks. Further-
more, we pursued ablation study to comprehensively exam-
ine the effects of atrous selective scanning, the impact of
SSM-Conv fusion blocks, and the implications of incorpo-
rating convolution blocks at different stages of the models.

ImageNet Classification
Training strategies. Following previous works (Touvron
et al. 2021a; Liu et al. 2021; Zhu et al. 2024; Liu et al.
2024b), we train our models for 300 epochs with a base
batch size of 1024 and an AdamW optimizer, a cosine an-
nealing learning rate schedule is adopted with initial value
10−3 and 20-epoch warmup. For training data augmentation,
we use random cropping, AutoAugment (Cubuk et al. 2019)
with policy rand-m9-mstd0.5, and random erasing of pix-
els with a probability of 0.25 on each image, then a MixUp
(Zhang et al. 2017) strategy with ratio 0.2 is adopted in each
batch. An exponential moving average on model is adopted
with decay rate 0.9999.

Tiny models (<1 GFLOPs). In the pursuit of effi-
ciency, the results of tiny models are shown in Table 2.
EfficientVMamba-T achieves state-of-art performance with
a Top-1 accuracy of 76.5%, rivalling its counterparts that
demand higher computational costs. With a modest ex-
penditure of only 0.8 GFLOPs, our model surpasses the
PVTv2-B0 by a 6% margin in accuracy and outperforms
the MobileViT-XS by 1.7%, all with less computational de-
mand.
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Method Image
size

Params
(M)

FLOPs
(G)

Top-1
(%)

RegNetY-800M (Radosavovic et al. 2020) 2242 6 0.8 76.3
PVTv2-B0 (Wang et al. 2022) 2242 3 0.6 70.5
MobileViT-XS (Mehta and Rastegari 2021) 2242 2 1.0 74.8
LVT (Yang et al. 2022) 2242 6 0.9 74.8
EfficientVMamba-T 2242 6 0.8 76.5

RegNetY-1.6G (Radosavovic et al. 2020) 2242 11 1.6 78.0
DeiT-Ti (Touvron et al. 2021a) 2242 6 1.3 72.2
MobileViT-S (Mehta and Rastegari 2021) 2242 6 2.0 78.4
Vim-Ti (Zhu et al. 2024) 2242 7 1.5 73.1
EfficientVMamba-S 2242 11 1.3 78.7

RegNetY-4G (Radosavovic et al. 2020) 2242 21 4.0 80.0
DeiT-S (Touvron et al. 2021a) 2242 22 4.6 79.8
Swin-T (Liu et al. 2021) 2242 29 4.5 81.3
Vim-S (Zhu et al. 2024) 2242 26 5.1 80.3
VMamba-T (Liu et al. 2024b) 2242 22 5.6 82.2
EfficientVMamba-B 2242 33 4.0 81.8

Table 2: Comparison of different backbones on ImageNet-
1K classification.

Small models (1-2 GFLOPs). Our EfficientVMamba-S
exhibits a significant improvement in accuracy, achieving a
Top-1 accuracy of 78.7%. This represents a substantial in-
crease over DeiT-Ti and MobileViT-S, which achieve 72.2%
and 78.4% respectively. Notably, EfficientVMamba-S main-
tains this high accuracy level with computational efficiency,
requiring only 1.3 GFLOPs, which is on par with DeiT-Ti
and lower than MobileViT-S’s 2.0 GFLOPs.

Base models (4-5 GFLOPs). EfficientVMamba-B
achieves an impressive Top-1 accuracy of 81.8%, surpass-
ing DeiT-S by 2% and Vim-S by 1.5%, as indicated in the
third group of the Table 2. This base model demonstrates
the feasibility of coupling a substantial parameter count of
33 M with a modest computational demand of 4.0 GFLOPs.
In comparison, VMamba-T, with a similar parameter count
of 22 M requires a higher 5.6 GFLOPs.

Object Detection
Training strategies. We evaluate the efficacy of our Ef-
ficientVMamba model for object detection tasks on the
MSCOCO 2017 (Lin et al. 2014) dataset. Our evaluation
framework relies on the mmdetection library (Chen et al.
2019). For comparisons with light-weight backbones, we
follow PvT (Wang et al. 2021) to use RetinaNet as the detec-
tor and adopt 1× training schedule. While for comparisons
with larger backbones, our experiment follows the hyperpa-
rameter settings detailed in Swin (Liu et al. 2021) We use
the AdamW optimization method to refine the weights of
our pre-trained networks on ImageNet-1K for durations of
12 and 36 epochs. We apply drop path rates of 0.2% across
the board for EfficientVMamba-T/S/B variants. The learn-
ing rate begins at 1e−5 and is decreased tenfold at epochs 9
and 11. Multi-scale training and random flipping are imple-
mented during training with a batch size of 16, adhering to
standard procedures for evaluating object detection systems.

Results. We summarize the results of RetinaNet detector

Model Params
(M) AP AP50 AP75 APS APM APL

ResNet18 (He et al. 2016) 21.3 31.8 49.6 33.6 16.3 34.3 43.2
PVTv1-Tiny (Wang et al. 2021) 23.0 36.7 56.9 38.9 22.6 38.8 50.0
EfficientViT-M4 (Liu et al. 2023) 8.8 32.7 52.2 34.1 17.6 35.3 46.0
PVTv2-b0 (Wang et al. 2022) 13.0 37.2 57.2 39.5 23.1 40.4 49.7
EfficientVMamba-T 13.0 37.5 57.8 39.6 22.6 40.7 49.1
ResNet50 (He et al. 2016) 37.7 36.3 55.3 38.6 19.3 40.0 48.8
PVTv1-Small (Wang et al. 2021) 34.2 40.4 61.3 43.0 25.0 42.9 55.7
PVTv2-b1 (Wang et al. 2022) 23.8 41.2 61.9 43.9 25.4 44.5 54.3
EfficientVMamba-S 19.0 39.1 60.3 41.2 23.9 43.0 51.3
ResNet101 (He et al. 2016) 56.7 38.5 57.8 41.2 21.4 42.6 51.1
ResNeXt101-32x4d (Xie et al. 2017) 56.4 39.9 59.6 42.7 22.3 44.2 52.5
PVTv1-Medium (Wang et al. 2021) 53.9 41.9 63.1 44.3 25.0 44.9 57.6
EfficientVMamba-B 44.0 42.8 63.9 45.8 27.3 46.9 55.1

Table 3: COCO detection results on RetinaNet.

Backbone Image
size

Params
(M)

FLOPs
(G)

mIoU
(SS)

mIoU
(MS)

ResNet-50 (He et al. 2016) 5122 67 953 42.1 42.8
ResNet-101 (He et al. 2016) 5122 85 1030 42.9 44.0
Swin-T (Liu et al. 2021) 5122 60 945 44.4 45.8
Swin-S (Liu et al. 2021) 5122 81 1039 47.6 49.5
DeiT-S + MLN (Touvron et al. 2021a) 5122 58 1217 43.8 45.1
DeiT-B + MLN (Touvron et al. 2021a) 5122 144 2007 45.5 47.2
VMamba-T (Liu et al. 2024b) 5122 55 964 47.3 48.3
VMamba-S (Liu et al. 2024b) 5122 76 1095 49.5 50.5
EfficientVMamba-T 5122 14 230 38.9 39.3
EfficientVMamba-S 5122 29 505 41.5 42.1
EfficientVMamba-B 5122 65 930 46.5 47.3

Table 4: Results of semantic segmentation on ADE20K us-
ing UperNet (Xiao et al. 2018). We measure the mIoU
with single-scale (SS) and multi-scale (MS) testings on the
val set. The FLOPs are measured with an input size of
512× 2048. MLN: multi-level neck.

in Table 3. Remarkably, each variants competitively reduc-
ing the sizes while simultaneously exhibits a performance
enhancement. The EfficientVMamba-T model stands out
with 13M parameters and an AP of 37.5%, slightly higher
by 5.7% compared to the ResNet-18, which has 21.3M pa-
rameters. The performance of EfficientVMamba-T also sur-
passes PVTv1-Tiny by 0.8% while matching it in terms of
parameter count. EfficientVMamba-S, with only 19M pa-
rameters, achieves a commendable AP of 39.1%, outstrip-
ping the larger ResNet50 model, which shows a lower AP of
36.3% despite having 37.7M parameters. In the higher ech-
elons, EfficientVMamba-B, which boasts 44M parameters,
secures an AP of 42.8%, signifying a significant lead over
both ResNet101 and ResNeXt101-32x4d, highlighting the
efficiency of our models even with a smaller parameter foot-
print. Notably, PVTv2-b0 with 13M parameters achieves an
AP of 37.2%, which EfficientVMamba-T closely follows,
indicating competitive performance with a similar parameter
budget. For the comparisons with other backbones on Mask
R-CNN, see Appendix.
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Training strategies. Aligning with Vmamba (Liu et al.
2024b) settings, we integrate an UperHead into the pre-
trained model structure. Utilizing the AdamW optimizer, we
initiate the learning rate at 6 × 10−5. The fine-tuning stage
consists of 160k iterations, using a batch size of 16. While
the standard input resolution stands at 512 × 512, we also
conduct experiments with 640×640 inputs and apply multi-
scale (MS) testing to broaden our evaluation.

Results. The EfficientVMamba-T model yields mIoUs of
38.9% (SS) and 39.3% (MS), surpassing the ResNet-50’s
42.1% mIoU with far fewer parameters. EfficientVMamba-
S achieves 41.5% (SS) and 42.1 (MS) mIoUs, bettering
the DeiT-S + MLN despite having a lower computational
footprint. The EfficientVMamba-B reaches 46.5% (SS) and
47.3% (MS), outperforming the heavier VMamba-S. These
findings attest to the EfficientVMamba series’ balance of ac-
curacy and efficiency in semantic segmentation.

Ablation Study
Effect of atrous selective scan. We implement experiment
to validate the efficacy of atrous selective scan in Table 6.
The upgrade from SS2D to ES2D significantly reduces the
computational complexity from 0.8 GFLOPs while retains
competitive accuracy at 73.6%, a 1.5% improvement on the
tiny variant. Similarly, In the case of base variant, the model
utilizing ES2D not only reduces the GFLOPs to 4.0 from
VMamba-B’s 4.2 but also exhibits an increase in accuracy
from 80.2% to 80.9%. The results suggest that the incorpo-
ration of ES2D in our EfficientVMamba models is one of the
key factor in achieving the reduction of computational com-
plexity by skip sampling while preserve the global respec-
tive field to keep competitive performance. The reduction
of GLOPs also reveals the potency of ES2D in maintaining,
and even enhancing, model accuracy while significantly re-
ducing computational overhead, demonstrating its viability
for resource-constrained scenarios.

Effect of SSM-Conv fusion block. The integration of a
convolutional branch following with a SE block enhances
the performance of our model. For tiny variance, adding
the local fusion feature extraction improves accuracy from
73.6% to 75.1%. In the case of EfficientVMamba-B, intro-
ducing fusion mechanism increases accuracy from 80.9%
to 81.2%. The observed performance gains reveals the ad-
ditional convolutional branch enhance the local feature ex-
traction. By integrating Fusion, the models likely benefit
from a more diversified feature set that captures a wider
range of spatial details, improving the model’s ability to gen-
eralize and thus boosting accuracy. This suggests that the
strategic addition of such branches can effectively enhance
the model’s performance by providing a comprehensive and
more nuanced respective field of the input feature map.

Comparisons of injecting convolution block in differ-
ent stages. In this paper, we obtain an interesting obser-
vation that our SSM based block, EVSS, is more benefi-
cial in the early stages of the network. In contrast, previous
works on light-weight ViTs usually inject the convolution
blocks in the early stages and adopt Transformer blocks in

Model ES2D Fusion InRes Param (M) FLOPs (G) ACC (%)

VMamba-T 2.4 0.9 72.1

EfficientVMamba-T
✓ ✗ ✗ 5 0.8 73.6
✓ ✓ ✗ 5 0.8 75.1
✓ ✓ ✓ 6 0.8 76.5

VMamba-B 16 4.2 80.2

EfficientVMamba-B
✓ ✗ ✗ 25 4.0 80.9
✓ ✓ ✗ 26 4.0 81.2
✓ ✓ ✓ 33 4.0 81.8

Table 5: Comparisons of injecting convolution blocks
at different stages on ImageNet dataset. We use
EfficientVMamba-T in the experiments.

Layers Stage 1 Stage 2 Stage 3 Stage 4 Params (M) FLOPs (G) ACC (%)

EVSS only EVSS EVSS EVSS EVSS 5 0.8 75.1
Previous InRes InRes EVSS EVSS 5 0.8 75.6
Ours EVSS EVSS InRes InRes 6 0.8 76.5

Table 6: Ablation Analysis: Evaluating the Efficacy of En-
hanced Spatially Selective Dilatation (ES2D), Assessing
the Synergistic Effect of Convolutional Branch Fusion En-
hanced with Squeeze-and-Excitation (SE), and Investigating
the Role of Inverted Residual Blocks in Model Performance.
For comparison with the baseline VMamba, we adjust the
dimensions and number of layers of it to match the FLOPs.

the deep stages. As shown in Table 5, we compare the perfor-
mance of injecting convolution blocks in different stages of
EfficientVMamba-T, and the results indicate that, adopting
Inverted Residual blocks in the deep stages with performs
better than that in early stages. A explanation to the opposite
phenomenons between our light-weight VSSMs and ViTs is
that, the self-attention in Transformers has higher computa-
tion complexity and thus its computation at high resolutions
is inefficient; while the SSMs, tailored for efficient model-
ing of long sequences, is more efficient and beneficial on
capturing information globally at high resolutions.

Conclusion

This paper proposed EfficientVMamba, a lightweight state-
space network architecture that adeptly combines the
strengths of global and local information extraction, ad-
dressing the trade-off between model accuracy and compu-
tational efficiency. By incorporating an atrous-based selec-
tive scan with efficient skip sampling, EfficientVMamba en-
sures comprehensive global receptive field coverage while
minimizing computational load. The integration of this scan-
ning approach with a convolutional branch, followed by
optimization through a Squeeze-and-Excitation module, al-
lows for a robust rebalancing of global and local features.
The experimental results affirm that EfficientVMamba not
only reduces computational complexity to O(N) but also
delivers competitive performance in various vision tasks.
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