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Background

Vision network architecture: CNN and ViT

 They have significantly advanced the field of computer vision.

 However, their notable inference cost makes real-time applications challenging.

Existing lightweight models

 They primarily rely on either self-attention or convolution for token mixing.

 Both of which have inherent limitations in perception and aggregation processes.

 Self-attention introduces unnecessary aggregation on irrelevant regions, with 
high computational demand. 

 Convolution suffers from limited receptive field and static kernel weights, 
hindering adaptability to diverse contexts. 



Background

Inspiration from human vision system

 The retina has two types of photoreceptor cells, rod and cone cells.

 Rod cells: capture a broad view of the scene but with limited detail.

 Cone cells: focus on fine and complex details in a small region.

 It perceives broad contexts with the peripheral vision system and 

detailed understanding using the central vision system.

Introducing “See Large, Focus Small” and LS convolution

 Large-kernel perception (LKP) well perceive the enlarged 

neighborhood information, leading to improved relationship 

modeling, like peripheral vision. 

 Small-kernel aggregation (SKA) further adaptively fuse intricate 

visual features in small surroundings, enabling detailed visual 

understanding like central vision.



Methodology

Revisiting Self-Attention and Convolution 

 Token mixing ways: Generate feature representation 𝑦𝑖 ∈ 𝑅𝐶 for each token 𝑥𝑖 ∈ 𝑅𝐶 

based on its contextual region 𝑁 𝑥𝑖  by 𝑦𝑖 = 𝐴(𝑃 𝑥𝑖 , 𝑁 𝑥𝑖 , 𝑁(𝑥𝑖)), where perception 

𝑃 extracts the contextual relationships among tokens and aggregation 𝐴 integrates 

features based on it for spatial information fusion.

 Self-attention: 𝑦𝑖 = 𝐴𝑎𝑡𝑡𝑛 𝑃𝑎𝑡𝑡𝑛 𝑥𝑖 , 𝑋 , 𝑋 = 𝑃𝑎𝑡𝑡𝑛(𝑥𝑖 , 𝑋)(𝑋𝑊𝑣) and 𝑃𝑎𝑡𝑡𝑛 𝑥𝑖 , 𝑋 =

𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑥𝑖𝑊𝑞 𝑋𝑊𝑘
𝑇 . 𝑋 is the global feature map.

 Convolution: 𝑦𝑖 = 𝐴𝑐𝑜𝑛𝑣 𝑃𝑐𝑜𝑛𝑣 𝑥𝑖 , 𝑁𝐾 𝑥𝑖 , 𝑁𝐾 𝑥𝑖 = 𝑊𝑐𝑜𝑛𝑣⨂𝑁𝐾(𝑥𝑖). 𝑊𝑐𝑜𝑛𝑣 is the 

static kernel weights and 𝑁𝐾(⋅) is the 𝐾 × 𝐾 neighbor region.



Methodology

See large, focus small: 𝑦𝑖 = 𝐴(𝑃 𝑥𝑖 , 𝑁𝑃 𝑥𝑖 , 𝑁𝐴(𝑥𝑖)), where 𝑁𝑃 𝑥𝑖 > 𝑁𝐴 𝑥𝑖 .

 Perception 𝑃 and aggregation 𝐴 involves different contextual scopes, i.e., 𝑁𝑃(𝑥𝑖) and 𝑁𝐴(𝑥𝑖), respectively, 

utilizing heteroscale contextual information and capturing both overall context and fine-grained details.

 For perception with a large spatial extent, cost-effective operations, like large-kernel depth-wise convolution, 

can be employed. The perception context can thus be enlarged with minimal overhead. 

 For the aggregation with a small surrounding region, adaptive weighted feature summation can be adopted. 

Due to the limited range, the efficiency can be guaranteed and the less important aggregation can be mitigated.



Methodology

LS convolution: See large, focus small

 Large-kernel perception 𝑃𝑙𝑠 models the neighborhood relationships 

with enlarged receptive field through large-kernel DW convolutions.

 For 𝑃𝑙𝑠, 𝑤𝑖 = 𝑃𝑊(𝐷𝑊𝐾𝐿(𝑃𝑊(𝑁𝐾𝐿(𝑥𝑖)))). 𝐾𝐿 is the large kernel size.

 Small-kernel aggregation 𝐴𝑙𝑠 adaptively integrates highly related 

surrounding features through small-kernel grouped dynamic conv.

 For 𝐴𝑙𝑠, 𝑦𝑖𝑐 = 𝑤𝑖𝑔
∗ ⨂𝑁𝐾𝑆 𝑥𝑖𝑐 . 𝐾𝑆 is the small kernel size.

 LKP and SKA facilitate the capture of large-field spatial contextual 

information and enhance fine-grained visual understanding, 

respectively. They enable more discriminative representations for 

intricate visual information.



Methodology

LSNet architecture

 Stem: overlapping patch embedding to project the 

input image into the visual feature map.

 Downsample: DW and PW convolution to reduce 

spatial resolution and modulate the channel 

dimension, respectively

 Top three stages: LS convolution for effective token 

mixing, with extra DW and SE for enhancement.

 Last stage: MSA block to capture long-range 

dependencies due to the small resolution



Experiments

For classification on ImageNet-1K, LSNet consistently outperforms existing lightweight models. 

LSNet transfers well for object detection & instance segmentation on COCO



Experiments

LSNet transfers well for semantic segmentation on ADE20K

LSNet shows strong domain generalization 

capabilities and promising robustness on 

ImageNet-C/A/R/Sketch



Experiments

LS convolution enables broad peripheral perception 

and central view focusing simultaneously, showing 

large and natural effective receptive field.

LS convolution can help the model to grasp the critical 

visual information under limited computational costs, 

enhancing both efficiency and effectiveness.



THANKS！
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