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Abstract

Vision network designs, including Convolutional Neural
Networks and Vision Transformers, have significantly ad-
vanced the field of computer vision. Yet, their complex com-
putations pose challenges for practical deployments, par-
ticularly in real-time applications. To tackle this issue, re-
searchers have explored various lightweight and efficient
network designs. However, existing lightweight models pre-
dominantly leverage self-attention mechanisms and convo-
lutions for token mixing. This dependence brings limita-
tions in effectiveness and efficiency in the perception and
aggregation processes of lightweight networks, hindering
the balance between performance and efficiency under lim-
ited computational budgets. In this paper, we draw in-
spiration from the dynamic heteroscale vision ability in-
herent in the efficient human vision system and propose a
“See Large, Focus Small” strategy for lightweight vision
network design. We introduce LS (Large-Small) convolu-
tion, which combines large-kernel perception and small-
kernel aggregation. It can efficiently capture a wide range
of perceptual information and achieve precise feature ag-
gregation for dynamic and complex visual representations,
thus enabling proficient processing of visual information.
Based on LS convolution, we present LSNet, a new fam-
ily of lightweight models. Extensive experiments demon-
strate that LSNet achieves superior performance and ef-
ficiency over existing lightweight networks in various vi-
sion tasks. Codes and models are available at https :
//github.com/jameslahm/1snet.

1. Introduction

Vision network designs have consistently been a focal point
of research in the field of computer vision [17, 22, 24, 50,
51, 96], where two prominent network architectures, i.e.,
Convolutional Neural Networks (CNNs) [24, 29, 38, 39, 51]
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and Vision Transformers (ViTs) [17, 50, 63, 74, 88, 93],
have significantly pushed the boundaries in various com-
puter vision tasks [3, 4, 23, 70, 82, 84, 92]. However, both
of them have traditionally been computationally expensive,
presenting remarkable challenges for their practical deploy-
ments, especially for real-time applications [44, 49].

Recently, researchers have been actively exploring the
lightweight and efficient designs of vision networks [7, 34,
55, 57, 60, 76] for practical applications. Despite effec-
tive, these lightweight models typically rely on certain ba-
sic modules, such as self-attention mechanism [17, 77, 86]
and convolution [38, 39], for token mixing [73]. This re-
liance poses challenges regarding the efficiency and effec-
tiveness of the underlying perception and aggregation pro-
cesses within lightweight networks, often compromising
the architectural expressiveness or inference speed.

Essentially, contextual perception and aggregation are
core processes for token mixing [19, 73, 91], facilitating
spatial information fusion. Perception models contextual
relationships among tokens, while aggregation integrates
token features based on corresponding relationships. In ex-
isting lightweight models, two dominant token mixing ap-
proaches, self-attention and convolution, employ distinct
perception and aggregation processes. Specifically, self-
attention employs global perception through holistic feature
interaction and global aggregation via weighted sum of all
features. Convolution uses the relative positional relation-
ships among tokens for perception and aggregates features
with static kernel weights. However, as shown in Fig. 1.(a)
and (b), both approaches have limitations. (1) Self-atten-
tion often introduces excessive attention to regions lacking
significant interconnections, leading to less critical aggre-
gation, e.g., in less informative background [46, 65]. Be-
sides, its perception and aggregation share the same mix-
ing scope. The expansion of context in self-attention and
its variants [19, 33, 49] comes at the expense of notable
computational complexity. These hinder lightweight mod-
els from pursuing high representational ability under low
computational budgets. (2) In convolution, the relationships
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Figure 1. The mechanism of self attention (a) and convolution (b). (c) shows that the human vision system can “See Large” through the
peripheral vision, and “Focus Small” through the central vision. (d) shows the distribution of rods and cones depending on the eccentricity
from the fovea of the human eye. They contribute to the formation of extensive peripheral vision and focal central vision.

among tokens modeled by the perception, i.e., the aggrega-
tion weights, are determined by the fixed kernel weights.
Consequently, while efficient, convolution lacks sensitivity
to varying contextual neighborhoods. This imposes con-
straints on the expressiveness of lightweight models, espe-
cially considering that the model capabilities of lightweight
networks are inherently limited. Given these, exploring a
token mixing way for lightweight models with more effec-
tive and efficient perception and aggregation processes un-
der limited computational costs is imperative.

To this end, we first thoroughly inspect the intuitions un-
derlying the processes of perception and aggregation. We
discover that they align closely with the phenomenon of dy-
namic heteroscale vision ability in the efficient human vi-
sion system. Specifically, as shown in Fig. 1.(c), the hu-
man vision system follows dual-step mechanism: (1) The
broad overview of the scene is firstly captured through the
peripheral vision’s large-field perception [62, 69], i.e., “See
Large”. (2) Subsequently, attention can be directed towards
specific elements of the scene, enabling a detailed compre-
hension facilitated by the central vision’s small-field aggre-
gation [59, 69], i.e., “Focus Small”. Such characteristic
arises from distinct spatial distribution and vision abilities
of two types of photoreceptor cells in the retina [36, 62], i.e.,
rod cells and cone cells, as shown in Fig. 1.(d). Rod cells
are widely distributed in the peripheral regions of retina [59]
and produce relatively unsharp images with limited spatial
detail [78]. However, they exhibit broad responses across
the visible spectrum and contribute to large-field peripheral
vision in conjunction with cone cells in the retina periph-
ery [72], allowing “See Large”. Furthermore, cone cells are
primarily concentrated in the fovea, a small area for cen-
tral vision [87]. The fovea contains a high density of cone
cells, which constitute the sharpest region capable of captur-
ing fine details and complex features [35, 75, 78], enabling
“Focus Small”. Guided by efficient large-field perception of
the peripheral photoreceptor cells, the fovea can effectively
focus on precise imaging of subtle features via small-field
aggregation [62]. This “See Large, Focus Small” approach
empowers the human vision system to process visual in-
formation swiftly and proficiently [78], thereby facilitating
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accurate and efficient visual comprehension.

These inspections motivate us to design effective and
efficient vision networks with the ability to perceive large
fields and aggregate small fields. To this end, we first
propose a novel operation, Large-Small (LS) convolution,
which aims to emulate the “See Large, Focus Small” strat-
egy observed in human vision system, thereby extract-
ing discriminative visual patterns. Generally, LS convo-
lution employs a large-kernel static convolution for large-
field perception and a small-kernel dynamic convolution
for small-field aggregation. Rather than simply combining
large-kernel and small-kernel convolutions, it firstly lever-
ages broad contextual information captured by large-kernel
depth-wise convolution to model the spatial relationships.
Then, parameterized by them, a small-kernel dynamic con-
volution operation with group mechanism is constructed to
fuse features within highly related visual field. In this way,
large-kernel static convolution well perceive the enlarged
neighborhood information, leading to improved relation-
ship modeling, like the peripheral vision system. Further-
more, benefiting from this, small-kernel dynamic convolu-
tion can adaptively aggregate the intricate visual features in
small surroundings, enabling detailed visual understanding
like the central vision system. Meanwhile, we delicately de-
sign LS convolution efficiently with depth-wise convolution
and group mechanism. The aggregation scope is limited in
a small region. These well ensure the low complexity of
both perception and aggregation processes. Consequently,
our LS convolution prioritizes both the performance and ef-
ficiency, enabling lightweight models to fully harness the
representational capability under low computational costs.

We consider LS convolution as the fundamental opera-
tion of token mixing and integrate it with other common
architecture designs to form a LS block. Building upon
the LS block, we present a new family of lightweight mod-
els, dubbed LSNet. Extensive experiments demonstrate that
LSNet achieves superior performance and efficiency com-
pared with existing state-of-the-art lightweight models in
various vision tasks [11, 47, 99]. We hope that LSNet can
serve as a strong baseline and inspire further advancements
in the field of lightweight and efficient models.



2. Related Work

Efficient CNNs. CNNs have emerged as the fundamental
network architecture in various vision tasks [2, 15, 16, 52,
66, 79] over the past decade. To facilitate their practical
applications, researchers have devoted significant efforts to
designing lightweight and efficient networks [12, 13, 30, 31,
53,71, 81]. For example, MobileNet [31] and Xception [8]
proposes architectures utilizing depth-wise separable con-
volutions. MobileNetV2 [67] introduces inverted resid-
ual blocks with linear bottleneck for improving efficiency.
ShuffleNet [98] and ShuffleNetV2 [53] incorporate chan-
nel shuffling and channel split operations to enhance group
information exchange. Hardware-aware neural architecture
search (NAS) has also been explored to obtain compact vi-
sion networks [30, 71]. Meanwhile, considering the lim-
ited receptive field, some works have explored enhancing
lightweight CNNs’ capability for modeling long-range de-
pendencies [34, 61, 95]. For example, ParC-Net [95] intro-
duces position aware circular convolution to boast a global
receptive field. AFFNet [34] presents adaptive frequency
filtering for global convolution via a circular padding.
Efficient ViTs. Later, since the inception of Vision
Transformer [17], transformer-based architectures have
gained significant popularity in the field of computer vi-
sion. ViTs have been adapted to diverse vision tasks and
shown superior performance [18, 97]. Meanwhile, ef-
forts have been made to enhance the efficiency, resulting
in lightweight ViTs for practical deployments [44, 58, 76,
80]. For example, MobileViT [57] combines MobileNet
blocks and MHSA blocks, achieving a hybrid architec-
ture. EdgeViT [60] proposes the integration of self-attention
and convolutions to achieve cost-effective information ex-
change. Besides, to alleviate the inference bottleneck, Ef-
ficientFormer [44] presents a dimension-consistent design
paradigm that enhances the latency and performance trade-
off. FastViT [76] introduces structural re-parameterization
and large-kernel convolutions to enhance hybrid ViTs.
Efficient Token Mixing. CNNs and ViTs adopt differ-
ent token mixing ways, i.e., convolution and self-attention,
respectively, along with distinct perception and aggregation
processes. Based on them, to develop lightweight vision
networks, researchers have explored different efficient to-
ken mixing ways for spatial information exchange. For ex-
ample, for convolution, Involution [41] leverages MLP for
perception to derive the aggregation weights conditioned on
single pixel. CondConv [90] proposes per-example routing
with global context to linearly combining multiple convo-
lution kernels. For self-attention, EdgeNeXt [55] presents
split depth-wise transpose attention (SDTA) to mix multi-
scale features. PVTv2 [85] employs linear spatial reduction
attention (LSRA) to achieve linear computational complex-
ity for the attention layer. EfficientViT [49] designs the cas-
caded group attention to enhance capability efficiently.
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Figure 2. Comparison of self-attention, convolution, and LS conv.

3. Methodology

3.1. Revisiting Self-Attention and Convolution

Self-attention and convolution are two prominent token
mixing ways [93] for modeling visual features in existing
lightweight networks. For an input image, given its feature
map X € REXWXC where H x W is the spatial resolution
and C' is the number of channels, token mixing generates
the feature representation y; € R for each token z; € R®
based on its contextual region N (z;) by:

yi = A(P (i, N (1)), N (w:)), 0]

where P denotes perception, involving extracting contex-
tual information and capturing the relationships among to-
kens, and A denotes aggregation, integrating the features
based on the outcome of perception and enabling the incor-
poration of information from other tokens.

In self-attention, its perception Py, obtains the atten-
tion scores between x; and X through the pairwise corre-
lations after softmax normalization. Its aggregation Agysy,
weights the features of X by attention scores to obtain y;.
As shown in Fig. 2.(a), the process can be summarized as:

Yi = Aattn(Pattn(ziy X)7 X) = Pattn (wi, X)(XW’U)a (2)
Patn (i, X ) = softmax((z; Wy ) (X Wi)T), 3)
where W,, W;, and W, are the projection matrices. It

can be observed that P, and Ay, involve redundant
attention and excessive aggregation in less informative re-
gions [46, 65], limiting the efficacy of lightweight models.
Moreover, they operate at the same contextual scale for ;.
Such a homoscale property leads to the notable computa-
tional complexity when increasing the mixing scope N (z;),
imposing challenges in expanding the perception context
under low computational budgets. Thus, self-attention and
its variants in existing lightweight models [19, 49] struggle
to achieve an optimal balance between representation capa-
bility and efficiency with limited computation cost [34].
For convolution with the kernel size of K, the contex-
tual region is the neighborhood of size K x K centered
around x;, denoted as Nk (z;). The perception P,uy, uti-
lizes the relative positions between z; and N (x;) to derive
the aggregation weights. For each z; € N (z;), its aggre-
gation weight is the value at the corresponding relative po-



sition in the fixed convolutional kernel weights W,,,,,. The
aggregation A..,, then leverages the weights to convolve
the features in N (x;). As shown in Fig. 2.(b), the whole
process can be formulated as:

Yi = Aconv(Pconv(xi7NK(mi))7NK(xi))

4)

= Pconv(xinK(xi)) ®NK(:E2)7
’Pconv(xi,NK(l‘i)) = Wconv; (5)
where ® denotes the convolution operation. It can be

observed that the token mixing scope in convolution is
determined by kernel size K which is usually small for
lightweight models, thus resulting in a limited perception
range. Besides, the relationships among tokens modeled by
the perception P, i.e., the aggregation weights, depend
only on the relative positions and thus are shared and fixed
for all tokens. It prevents tokens from adapting to their re-
lated context, restricting the expressive ability. Such limi-
tation becomes particularly pronounced considering the in-
herently small modeling capability of lightweight networks.

3.2. LS (Large-Small) Convolution

Inspired by dynamic heteroscale vision ability exhibited
by human vision system [59, 62, 72], we introduce a
novel “See Large, Focus Small” strategy for the percep-
tion and aggregation processes, aiming for efficient and ef-
fective token mixing in lightweight models, as shown in
Fig. 2.(c). Our approach enables the effective collection
of comprehensive contextual information and modeling of
the relationships by large-field perception. It further facili-
tates detailed visual representations through efficient fusion
in highly related surroundings by small-field aggregation.
Specifically, for token x;, with the contextual regions of
perception and aggregation as N'p(z;) and N4 (x;), respec-
tively, where AVp(x;) encompasses a larger spatial extent
compared with N4 (z;), the process can be formulated as:

yi = A(P(zi, Np(2:)), Na(z:)). 6)

It can be observed that (1) The perception P and aggre-
gation A involves different contextual scopes, i.e., Np(x;)
and N4 (z;), respectively, allowing for utilizing heteroscale
contextual information and capturing both the overall con-
text and fine-grained details. (2) For the perception with
a large spatial extent, cost-effective operations, such as
large-kernel depth-wise convolution, can be employed. The
perception context can thus be enlarged with minimal over-
head. (3) For the aggregation with a small surrounding re-
gion, we can adopt adaptive weighted feature summation.
Due to the limited range of aggregation, the efficiency can
be guaranteed with low computation cost and the less im-
portant aggregation in self-attention can be mitigated.
Based on these, we present a novel LS (Large-Small)
convolution. As shown in Fig. 3.(a), for each token, it in-
troduces two steps: (1) Large-kernel perception P;; models
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the neighborhood relationships with the enlarged receptive
field through large-kernel static convolutions. (2) Small-k-
ernel aggregation A, adaptively integrates the surrounding
features through small-kernel dynamic convolution.

Large-Kernel Perception (LKP) adopts the design of
a large-kernel bottleneck block. Given visual feature map
X € REXWXC "we initially utilize the point-wise convolu-
tion (PW) to project the tokens into a lower channel dimen-
sion, i.e., % by default, to reduce the computational cost and
make the model lightweight as possible. For z;, we then
employ large-kernel depth-wise convolution (DW) with the
kernel size of K; x K, to efficiently capture large-field
spatial contextual information of Nk, (z;), where N, (z;)
denotes the surroundings of size K, x K, centered around
x;. The large-kernel DW can well expand the receptive field
and enhance the context perception capability under mini-
mal cost. We then leverage point-wise convolutions (PW)
to model the spatial relationships among tokens, i.e., gener-
ating the context-adaptive weights W € R XWXD for the
aggregation step. The whole process can be formulated as:

wi = Prs(zi, Nk, (1))

— PW(DW e, 10, (PW (N, (1)), @

where w; € RP is the generated weights for z;.

Small-Kernel Aggregation (SKA) employs the design
of grouped dynamic convolutions. For the visual feature
map X € REXWXC we divide its channels into G’ groups.
Each group containing % channels and the channels in the
same group share the aggregation weights, to reduce the
memory overhead and computational cost for lightweight
models. For each z;, we reshape its corresponding weights
w; € RP generated by large-kernel perception to obtain
w; € RExEsxKs where Kg x Kg is the small kernel
size. We then leverage w; to aggregate its highly related
context of N (;), where Nk (z;) represents the neigh-
borhood of size Kg x Kg centered around z;. Specifically,
we denote the c-th channel of x; as x;., which belongs to the
g-th channel group. We obtain its aggregated feature rep-
resentation y;. through the convolution operation between
Nk (zic) and wy, € RE&sxKs 1In this way, the adaptive
fine-grained features can be effectively represented, making
model sensitive to dynamic and complex changes in diverse
contexts. The whole process can be formulated as:

Yic = Als(w;mNKS (-Tzc)) = wrg ®NKS (wzc) (8)

In contrast to simply combining large-kernel with small-
kernel conv, and other dynamic convs, our LKP utilizes en-
riched large-field visual perception to guide adaptive feature
fusion within highly related context by SKA. This enables
more discriminative representations for intricate visual in-
formation. Thus, LS conv shows superiority over them, as
shown in Tab. 6 and Tab. 7. We also present the compar-
isons from mathematical perspectives in supplementary.
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Figure 3. (a) The illustration of our proposed LS convolution. (b) The illustration of our proposed LSNet. LSNet has four stages with
% X %, % X %, 3% X % and 654 X (TVZ resolutions respectively, where H and W denote the width and height of the input image. C

represents the channel dimension. The norm layer and nonlinearity are omitted for simplicity.

Complexity Analysis. The computation of LS con- more local structural information like LS block.
volution mainly consists of three parts: point-wise con- We build three LSNet variants for different computa-
volutions in P;s, depth-wise convolution with kernel size tional budgets. The LSNet with tiny size (LSNet-T), small
of K; in P, and convolution aggregation with kernel size (LSNet-S), and base size (LSNet-B) has 0.3G, 0.5G,
size of Kg in A;s. Their corresponding computations are and 1.3G FLOPs, respectively. Following [21, 49], we em-
@(3HT:1V02 + HWCD), (9<HW2CK% ), and O(HWCK?2), ploy more blocks in late stages, due to that processing on
respectively. Therefore, the total amount is O( HIZ/C (3C + early stages with higher resolution is more time consuming.

2K? + (2G + 4)K32)), enjoying the linear computational We emplrl.cally use Kp, =7, KS_ =3 and G =3 fo.r all
complexity with respect to the input resolution. model variants by default, following [13, 51]. The architec-

tural details can be found in the supplementary.
3.3. LSNet: Large-Small Network

Using LS convolution as the primary operation, we present 4. Experiments
the basic block, i.e., LS block, and the lightweight model

design, i.e., LSNet, as shown in Fig. 3.(b). 4.1. Image Classification

LS Block leverages LS convolution to perform effec- We conduct experiments on ImageNet-1K [11] under the
tive token mixing. Skip connection is adopted to facilitate same training recipe as [34, 49, 60] to assess the perfor-
model optimization. Besides, we utilize the extra depth- mance of LSNet on the image classification task.
wise convolution and SE layer [32] to enhance model ca- As shown in Tab. 1, we note that LSNet consistently
pability by introducing more local inductive bias [10, 49]. achieves state-of-the-art performance across various com-
Feed forward network (FFN) is adopted for channel mixing. putational costs. Besides, it shows the best trade-offs be-

LSNet utilizes overlapping patch embedding [89] to tween accuracy and inference speed. For example, our
project the input image into the visual feature map. For LSNet-B outperforms the advanced AFFNet by 0.5% top-1
downsampling, we leverage the depth-wise and point-wise accuracy with a nearly 3x faster inference speed. It also
convolution to reduce the spatial resolution and modulate surpasses RepViT-M1.1 and FastViT-T12 with 0.9% and
the channel dimension, respectively. Besides, we stack LS 1.2% top-1 accuracies with higher efficiency, respectively.
blocks in the top three stages. In the last stage, we adopt For smaller models, our LSNet also obtains superior perfor-
the MSA block to capture long-range dependencies due to mance with lower computation costs. Specifically, LSNet-

the small resolution, following [57, 76]. MSA block incor- S outperforms UniRepLKNet-A and FasterNet-T1 signif-
porates multi-head self-attention (MHSA), and we utilize icantly by 0.8% and 1.6% top-1 accuracies, respectively,
the same depth-wise convolution and SE layer to introduce along with higher throughput. Compared with StarNet-S1

9722



Table 1. Classification results on ImageNet-1K. The throughput
is tested on a Nvidia RTX3090 with maximum power-of-two batch
size that fits in memory, following [34, 49]. * denotes the results
with distillation using the RegNetY-16GF [64] with 82.9% top-1
accuracy as the teacher model. EFormer denotes EfficientFormer.

Params FLOPs Throughput Top-1
Model M (©)  (mgy (%)
EdgeNeXt-XXS [55] 1.3 0.3 5089 71.2
FasterNet-TO [5] 3.9 0.3 14467 71.9
ShuffleNetV2 [53] 3.5 0.3 9593 72.6
AFFNet-ET [34] 1.4 04 2877 73.0
EfficientViT-M3 [49] 6.9 0.3 14613 73.4
StarNet-S1 [54] 2.9 0.4 5034 73.5
LSNet-T 11.4 0.3 14708 74.9
LSNet-T* 11.4 0.3 14708 76.1
EdgeNeXt-XS [55] 2.3 0.5 3118 75.0
PVT-Tiny [84] 13.2 1.9 2125 75.1
MobileNetV3-L [30] 54 0.2 7921 75.2
FastViT-T8 [76] 3.6 0.7 3909 75.6
EFormerV2-S0* [45] 3.5 0.4 1329 75.7
FasterNet-T1 [5] 7.6 0.9 8660 76.2
UniRepLKNet-A [14] 44 0.6 3931 77.0
EfficientNet-BO [71] 53 0.4 4481 77.1
PoolFormer-S12 [93] 12.0 1.8 2769 77.2
SHVIT-S3 [94] 14.2 0.6 8993 77.4
RepViT-M0.9 [81] 5.1 0.8 4817 77.4
LSNet-S 16.1 0.5 9023 77.8
LSNet-S* 16.1 0.5 9023 79.0
EdgeViT-XS [60] 6.7 1.1 2751 71.5
SwiftFormer-S* [68] 6.1 1.0 3376 78.5
UniRepLKNet-F [14] 6.2 0.9 3209 78.6
FastViT-T12 [76] 6.8 14 2586 79.1
EFormer-L1* [44] 12.3 1.3 3280 79.2
EdgeNeXt-S [55] 5.6 1.3 2128 79.4
RepViT-M1.1 [81] 8.2 1.3 3604 79.4
PVT-Small [84] 24.5 3.8 1160 79.8
AFFNet [34] 5.5 1.5 1355 79.8
LSNet-B 23.2 1.3 3996 80.3
LSNet-B* 23.2 1.3 3996 81.6

and EfficientViT-M3, LSNet-T also improves the top-1 ac-
curacy by 1.4% and 1.5%, respectively. These results well
show the effectiveness and efficiency of our LSNet models.

4.2. Downstream Tasks

Object Detection and Instance Segmentation. We eval-
uate LSNet on object detection and instance segmentation
tasks to verify its transferability. Following [49, 60], we in-
tegrate LSNet into RetinaNet [48] and Mask R-CNN [25]
and conduct experiments on COCO-2017 [47]. As shown
in Tab. 2, our LSNet consistently shows superior perfor-
mance compared with competitor models. Specifically, in
the RetinaNet framework for object detection, LSNet-T out-
performs StarNet-S1 by 0.6 AP and 1.3 AP5( under notably
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less computational cost. For large models, our LSNet-B
also surpasses PoolFormer-S12 and PVT-Tiny with consid-
erable margins of 3.0 AP and 2.5 AP, respectively. When in-
tegrated into the Mask R-CNN framework for object detec-
tion and instance segmentation, LSNet-S obtains the favor-
able improvements of 0.5 AP and 2.5 AP® over SHViT-S3
and EfficientViT-M5, respectively. Compared with RepViT-
M1.1, LSNet-B also achieves 1.0 higher AP and 0.6 higher
AP™, demonstrating the superiority in transferring.
Semantic Segmentation. We evaluate LSNet on the
semantic segmentation task by conducting experiments on
ADE20K [99]. Following [44, 60], we incorporate LSNet
in the Semantic FPN [37] segmentation model. As shown
in Tab. 3, LSNet performs clearly better in all compar-
isons across different model scales. It can achieve superior
performance under low computational costs. Specifically,
LSNet-T significantly outperforms VAN-BO by 1.6 mloU,
and it also achieves 2.9 higher mloU over PVTv2-BO0. For
larger models, LSNet-S obtains the improvements of 0.4
mloU and 1.0 mIoU over the advanced RepViT-M1.1 and
SHVIT-S3, respectively, with lower computational com-
plexity. Additionally, LSNet-B surpasses SwiftFormer-L1
and FastViT-SA24 by margins of 1.6 and 2.0 mIoUs respec-
tively. These results further show the efficacy of LSNet.

4.3. Robustness Evaluation

We conduct robustness evaluation for LSNet on various
benchmarks, including ImageNet-C [26], ImageNet-A [28],
ImageNet-R [27], and ImageNet-Sketch [83]. Follow-
ing [51, 56, 76], we report mean corruption error (lower
is better) for ImageNet-C and top-1 accuracies for other
datasets. As shown in Table 4, LSNet shows strong domain
generalization capabilities and promising robustness to cor-
ruptions, achieving state-of-the-art performance. For exam-
ple, compared with UniRepLKNet-A, LSNet-B exhibits a
1.3 mCE reduction on ImageNet-C, along with top-1 ac-
curacy gains of 1.2%, 1.5%, and 1.5% on ImageNet-A,
ImageNet-R, and ImageNet-Sketch, respectively. LSNet-
T also outperforms StarNet-S1 significantly by 2.2% and
3.7% on ImageNet-A and ImageNet-Sketch, respectively,
highlighting the robust generalization ability.

4.4. Model Analyses

We conduct experiments to analyze the design elements in
LSNet on ImageNet-1K. Following [21, 49], all models are
trained for 100 epochs for limitations in training time and
computation resource. LSNet-T is employed for analyses,
with K, = 7, Kg = 3 and C/G = 8, by default.
Effectiveness of LS convolution. We analyze the effec-
tiveness of our proposed LS convolution by first comparing
it with “w/o LS conv.”, in which all LS convolutions are
replaced with identity functions. As shown in Tab. 5, our
LS convolution improves 2.3% top-1 accuracy with only



Table 2. Object detection and instance segmentation results on COCO. AP® and AP™ indicate bounding box AP and mask AP,
respectively. Following common convention [76], FLOPs (G) of backbone is measured on image crops of 512x512.

Backbone | tLops | RetinaNet \ Mask R-CNN

\ | AP APsy APr5 | APs APy AP | AP®  APR, APP; | AP™  APY, AP
MobileNetV2 [67] 16 | 283 467 293 | 148 307 381 | 29.6 483 315 | 272 452 286
MobileNetV3 [30] 1.1 209 493 308 | 149 333 411 | 292 486 303 | 27.1 455 282
FairNAS-C [9] 17 | 312 508 327 | 163 344 423 | 31.8 512 338 | 294 483 310
EfficientViT-M4 [49] 1.6 | 327 522 341 | 176 353 460 | 328 544 345 | 31.0 512 322
StarNet-S1 [54] 22 336 533 351 | 183 360 47.0 | 338 561 355 | 319 529 334
LSNet-T 15 | 342 546 352 | 178 371 485 | 350 57.0 373 | 327 538 343
ResNet18 [24] 95 | 318 496 336 | 163 343 432 | 340 540 367 | 312 510 327
DFVT-T [20] 6.9 - - - - - - | 348 569 370 | 326 537 345
EfficientViT-M5 [49] 28 | 343 542 361 | 180 369 482 | 349 570 370 | 328 537 346
SHVIT-S3 [94] 30 | 361 566 380 | 199 391 508 | 369 594 396 | 344 563 36.1
LSNet-S 26 |367 572 386 | 200 397 518 | 374 599 398 | 348 568 36.6
ResNet50 [24] 214 | 363 553 386 | 193 400 488 | 380 586 414 | 344 551 367
PVT-Tiny [84] 11.8 | 367 569 389 | 226 388 500 | 367 592 393 | 351 567 373
PoolFormer-S12[93] | 9.5 | 362 562 382 | 208 39.1 480 | 373 590 40.1 | 346 558 369
FasterNet-S [5] 238 - - - - - - | 399 612 436 | 369 581 397
FastViT-SA12 [76] 7.7 - - - - - - | 389 605 422 | 359 576 381
RepViT-M1.1 [81] 7.0 - - - - - - | 398 619 435 | 372 588 401
LSNet-B 62 | 392 600 415 | 221 43.0 529 | 408 634 440 | 378 60.5 40.1

Table 3. Semantic segmentation on ADE20K. Following [76],
FLOPs (G) of backbone are measured on image crops of 512x512.

Backbone |FLOPs |[mloU  Backbone | FLOPs | mloU
StarNet-S1 2.2 36.0 EFormer-L1 6.8 38.9
MobileNetV3 1.1 37.0 PVT-Small 23.1 390.8
PVTv2-B0O 3.8 37.2 PoolFormer-S24 | 17.8 | 40.3
VAN-BO 45 385 FastViT-SA24 150 | 41.0
LSNet-T L5 | 401  EdgeViT-XS 63 | 414
EdgeVIT-XXS| 3.2 | 39.7 SwiftFormer-L1 | 8.3 41.4
SHVIT-S3 3.0 | 40.0 Swin-T 256 | 41.5
FastViT-SA12 | 7.7 38.0 EFormerV2-S2 7.3 42.4
RepViT-M1.1 7.0 40.6 PVTv2-B1 12.8 42.5
LSNet-S 2.6 | 41.0 LSNet-B 6.2 | 43.0

0.02G FLOPs increase compared with “w/o LS conv.”. Fur-
thermore, we compare our LS convolution with other ef-
fective token mixing methods by directly replacing all LS
convolutions with others. As shown in Tab. 5, LS con-
volution achieves superior performance with low computa-
tional costs. By employing other methods, the top-1 accu-
racy consistently decreases. Compared with (S)W-SA [50],
SDTA [55], and LSRA [85], LS convolution obtains im-
provements of 0.8%, 1.0%, and 1.1% top-1 accuracies, re-
spectively, with fewer FLOPs. Besides, LS convolution out-
performs RepMixer [76] and CGA [49] by 1.9% and 1.1%
top-1 accuracies, respectively. Meanwhile, we compare our
LS convolution with other dynamic convolutions by simply
replacing the LS convolution. As shown in Tab. 6, thanks
to incorporating large-field perception and small-field ag-
gregation, LS convolution exhibits superiority in terms of

Table 4. Robustness evaluation results on benchmark datasets,
where we report mCE for ImageNet-C and top-1 accuracies for
ImageNet-A, ImageNet-R, and ImageNet-Sketch.

Model FLOPs C() A R SK
FasterNet-TO [5] 0.3 89.8 23 286 163
EdgeNeXt-XXS [55] 0.3 946 36 295 185
EfficientViT-M3 [49] 0.3 71.1 52 361 234
StarNet-S1 [54] 0.4 77.5 45 341 218
LSNet-T 0.3 68.2 6.7 385 255
FastViT-T8 [76] 0.7 72.1 69 368 255
PVTv2-BO [85] 0.6 754 42 342 215
EdgeNeXt-XS [55] 0.5 884 63 325 220
UniRepLKNet-A [14] 0.6 67.0 84 379 260
LSNet-S 0.5 657 9.6 394 275
PVT-Tiny [84] 1.9 796 79 339 215
PoolFormer-S12 [93] 1.8 67.7 6.9 377 252
FasterNet-T2 [5] 1.9 70.8 87 405 272
EdgeNeXt-S [55] 1.3 72.1 119 40.1 2838
PVTv2-B1 [85] 2.1 622 146 418 289
FastViT-T12 [76] 1.4 643 140 399 276
LSNet-B 1.3 593 173 431 30.7

accuracy and efficiency compared with other methods. For
example, LS convolution surpasses CondConv [90] and DY-
Conv [6] by considerable margins of 1.8% and 1.6% top-1
accuracies, respectively, well showing the effectiveness.

Importance of large-kernel perception. We verify the
effect of large-kernel perception (LKP) by first comparing
it with “w/o LKP”, in which we remove the large-kernel
depth-wise convolution in the LKP. As shown in Tab. 7, we
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Table 5. Superiority of LS conv. ap1e 6. Comparing other conv.

FLOPs Top-1

FLOPs Top-1
w/o LS conv. 0.29 69.3 ISleons 031 L6
LS conv. 0.31 71.6
(S)W-SA [50] 036 70.8 CondConv [90]  0.29 69.8
SDTA [55] 0.37 70.6 DY-Conv [6] 0.29 70.0
LSRA [85] 0.37 70.5 Involution [41] 0.31 70.3
RepMixer [76] 029  69.7 DCD [42] 029 698
CGA [49] 032 705 CoT [43] 037 711
AFF [34] 0.30 69.5 ODConv [40] 0.29 70.0

Table 7. LKP and SKA. Table 8. Other designs.

FLOPs Top-1

FLOPs Top-1
LSNet-T 031  71.6 LSNet-T 031 716
w/o I:KP 0.31 70.5 C/G =1 0.38 17
Kp=3 0.31 70.9
C/G =4 0.33 71.6
K =5 0.31 71.2
Ko om s C/G=16 031 713
L= : : C/G=32 031 709
w/o SKA  0.31 70.1
Kg=1 0.30 69.6 w/o DW 0.31 71.1
KS =5 0.34 71.6 w/o SE 0.31 71.3

can observe that the top-1 accuracy is significantly reduced
by 1.1% in the absence of the large-field perception. We fur-
ther investigate the impact of the large-kernel size, i.e., Ky,
in the LKP. As shown in Tab. 7, the model performance con-
tinues to increase as the kernel size grows larger, showing
the benefit of capturing contextual information with a large
receptive field. Besides, the top-1 accuracy reaches a satu-
ration point around a kernel size of 7, which is similar to the
observations in previous works [51].

Importance of small-kernel aggregation. We show the
importance of small-kernel aggregation (SKA) by first com-
paring it with “w/o SKA”, in which we leverage a static
depth-wise convolution with the kernel size of Kg x Kg to
directly process the outcome of LKP as the output. Note
that “w/o SKA” is the combination of large-kernel and
small-kernel convolutions. Tab. 7 presents the comparison
results. We can observe that our LS convolution signifi-
cantly outperforms “w/o SKA” by 1.5% top-1 accuracy. It
highlights the superiority of our LS convolution over the
simple combination of large-kernel and small-kernel convo-
lutions. Additionally, we inspect the impact of the contex-
tual scope of aggregation, i.e., Nk, (z;), by adopting dif-
ferent K¢ in the SKA. As shown in Tab. 7, we can achieve
the optimal trade-off between accuracy and computational
costs under the Kg of 3. It demonstrates the efficacy of
adaptive aggregation in highly related surroundings.

Impact of the number of groups. We inspect the im-
pact of different numbers of groups, i.e., G, in LS conv. As
G increases, the number of channels with shared aggrega-
tion weights, i.e., &, decreases, with higher computational

) a’
costs. As shown in Tab. 8, as & increases from 1 to 32, the

€]
top-1 accuracy decreases from 71.7% to 70.9%, along with
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Table 9. Generalization ability of LS convolution on other archi-
tectures. We simply replace 3x3 convolution and self-attention
with LS convolution for ResNet and DeiT, respectively.

Model LS conv. FLOPs (G) Top-1 (%)
ResNet50 X 4.1 78.8
ResNet50 v 2.6 80.7

DeiT-T X 1.3 722

DeiT-T v 0.9 73.0

the reduced computation complexity. It shows the benefit
of performing different aggregation ways for varying chan-
nels, due to that they usually encode different representation
subspaces and diverse semantic attributes [1]. Besides, we
can observe that % = 8 achieves the best balance.

Impact of extra DW and SE layers. We verify the ef-
fect of the extra depth-wise convolution and SE layer by
removing them separately, which are denoted as “w/o DW”
and “w/o SE”, respectively. In Tab. 8, they decrease the
top-1 accuracy by 0.5% and 0.3%, respectively, showing the
efficacy of introducing more local structural information.

Generalization of LS convolution to other architec-
tures. We show the generalization of LS convolution by
transferring it to other vision networks. Specifically, we
conduct experiments on two widely recognized architec-
tures, i.e., ResNet [24] and DeiT [74], by simply replacing
their all 3 x 3 convolution, and self-attention with LS convo-
lution, respectively. All models are trained under the same
settings for 300 epochs. As shown in Tab. 9, incorporat-
ing LS convolution into ResNet50, and DeiT-T significantly
improves their top-1 accuracies by 1.9%, and 0.8%, respec-
tively, which showcases its good generalization capability.

5. Conclusion

In this work, we present LSNet, a novel family of
lightweight vision networks that integrates the “See Large,
Focus Small” strategy inspired by the human vision sys-
tem. LSNet incorporates LS convolution, a new operation
that combines large-kernel perception and small-kernel ag-
gregation, enabling efficient and accurate processing of vi-
sual information. Extensive experiments demonstrate that
LSNet achieves state-of-the-art performance and efficiency
trade-offs. It shows the superiority over others across di-
verse tasks. We hope that LSNet can serve as a strong base-
line and inspire further advancements in the development of
lightweight and efficient vision networks.
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