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Figure 1: A context cluster in our network trained for im-
age classification. We view an image as a set of points and
sample c centers for points clustering. Point features are
aggregated and then dispatched within a cluster. For clus-
ter center C;, we first aggregated all points {x?, xr.‘ S x;'}

in ith cluster, then the aggregated result is distributed to
all points in the clusters dynamically. See § 3 for details.
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Figure 3: Context Cluster architecture with four stages. Given a set of image points, Context Cluster
gradually reduces the point number and extracts deep features. Each stage begins with a points
reducer, after which a succession of context cluster blocks is used to extract features.
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Figure 2: A Context Cluster block. We use a context cluster operation
to group a set of data points, and then communicate the points within
clusters. An MLP block is applied later.
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Table 1: Comparison with representative backbones on ImageNet- 1k benchmark. Throughput {images
/ ) is measured on a single V100 GPU with a batch size of 128, and is averaged by the last 500
iterations. All models are trained and tested at 224224 resolution, except ViT-B and ViT-L.

Method Param. GFLOPs Top-I1 Tlr'mj]gl_ml'_“h
(images/s)
& ResMLP-12 (Touvron et al., 2022) 15.0 3.0 76.6 511.4
& ResMLP-24 (Touvron et al., 2022) 30.0 6.0 79.4 509.7
& & ResMLP-36 (Touvron et al., 2022) 45.0 8.9 79.7 452.9
= & MLP-Mixer-B/16 (Tolstikhin et al., 2021) 59.0 12.7 76.4 400.8
= & MLP-Mixer-L/16 (Tolstikhin et al., 2021) 207.0 44.8 71.8 125.2
& gMLP-Ti (Liu et al., 2021a) 6.0 1.4 72.3 511.6
& pMLP-S (Liu et al., 2021a) 20,0 4.5 79.6 509.4
+ VIT-B/16 (Dosovitskiy et al., 2020) | 86.0 55.5 779 202.0
= ¢ VIT-L/16 (Dosovitskiy et al., 2020) 307 190.7 76.5 92.8
= +PVT-Tiny (Wang et al., 2021) 13.2 1.9 75.1 -
£ ¢ PVT-Small (Wang et al., 2021) 24.5 3.8 79.8
5 & T2T-ViT-7 (Yuan et al., 2021a) 4.3 1.1 71.7 -
¢ DeiT-Tiny/ 16 (Touvron et al., 2021) 5.7 1.3 72.2 523.8
# DeiT-Small/16 (Touvron et al., 2021) 22.1 4.6 79.8 521.3
___+SwinT (Liuetal, 2021b) | 29 45 s13 -
- ResNetld (He et al., 2016) [ 12 1.8 69,8 584.9
£+ ResNet50 (He et al., 2016) 26 4.1 79.8 524.8
% ConvMixer-512/16 (Trockman et al., 2022) 5.4 = 73.8 .
3 ConvMixer-1024/12 (Trockman et al., 2022) 14.6 - T77.8 -
e ConvMixer-768/32 (Trockman et al., 2022) 21.1 - 8016 142.9
- ¥ Context-Cluster-Ti g | 53 1.0 71.8 518.4
% ¥ Context-Cluster-Tif (our) 53 1.0 7.8 Lo 510.8
5 » Context-Cluster-Small ours) 14.0 2.6 71.5 513.0
¥ Context-Cluster-Medium gy 279 3.5 81.0 325.2
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Table 2: Component ablation studies of
Context-Cluster-Small on ImageNet-1k.

position context multi top-1
info. cluster  head acc.
X X X -
v X X 74.2(13.3)
v v X 76.6(10.9)
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