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The way we extract features depends a lot on how we interpret an image.

B Convolutional Networks (ConvNets) consider an image as organized pixels in a
rectangular shape and extract features via convolutional operation in local region;

B Vision Transformers (VITs) treat an image as a sequence of patches and extract
features via attention mechanism in a global range;

B Context clusters (CoCs) view an image as a set of unorganized points and extract
features via simplified clustering algorithm. In detail, each point includes the raw
feature (e.g., color) and positional information (e.g., coordinates), and a simplified
clustering algorithm is employed to group and extract deep features hierarchically.




§ 2 Example

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 {xo x X7
in ith cluster, then the aggregated result 1s dlstrlbuted to
all points in the clusters dynamically. See § 3 for details.
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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.




. o 5
' 3 Method——Context Clusters Pipeline oL e A

Stage 1 Stage 2 Stage 3 Stage 4

Y N () N\ () \ ) N
S o : b > ) B 5 | S B I
S e : ) e ] @ S | Q 2 |
— 7 7] | = wn D — wn | — 7 ] |
= | | - = |: - = I = = i
= — W7 | — — W 1 —— — W2 I =] — W 1
S o=l 3 oX|i] 3 o=<| |3 o= |

KM =3 KM =3 KM =3 KM -« 3
W EE‘ w EE | W EE‘ : w EE‘ .
et e I e | N I
= = £ = | E = | E = l
= =) = =) - = =) ! = =) !
- &) - ) - ) : - &) .
J Q . J 1\ . J 1\ - J
XNI ' XNZ a0 )(Ng I XN;_I_ |

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 1s used to extract features.
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To reduce the points number, we evenly select some anchors in space, and the nearest k
points are concatenated and fused by a linear projection.

(a) Illustration of anchors for points reduction.
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1. Context Clustering
feature points P € R linearly project P to P, for similarity computation

evenly propose ¢ centers in space, and the center feature is computed by averaging its k nearest points——
the conventional SuperPixel method SLIC (Achanta et al., 2012)

similarity matrix S € R

2. Feature Aggregating

map the points to a value space P, € Rmxd’
m iy

1
g = . {vf = Z s1g (as; + B) * v;], s.t., C=1+ Z sig (as; + B). (D)

i=1 i=1

3. Feature Dispatching
p; = pi + FC(sig(asi + B) * g). (2)

4. Multi-Head Computing
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Table 1: Comparison with representative backbones on ImageNet-1k benchmark. Throughput (images
/ s) 1s 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 224x224 resolution, except ViT-B and ViT-L.

Method Param. GFLOPs Top-1 L proughputs
(images/s)

% ResMLP-12 (Touvron et al., 2022) 15.0 3.0 76.6 5114

% ResMLP-24 (Touvron et al., 2022) 30.0 6.0 79.4 509.7

a. % ResMLP-36 (Touvron et al., 2022) 45.0 8.9 79.7 452.9

E & 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

4 gMLP-Ti (Liu et al., 2021a) 6.0 1.4 72.3 511.6

% gMLP-S (Liu et al., 2021a) 20.0 4.5 79.6 509.4

¢ ViT-B/16 (Dosa*=+11ly et al., 2020) 86.0 55.5 77.9 292.0

= ¢ ViT-L/16 (Dosovitskiy et al., 2020) 307 190.7 76.5 92.8
S ¢ PVT-Tiny (Wang et al., 2021) 13.2 1.9 75.1 -
S ¢ PVT-Small (Wang et al., 2021) 24.5 3.8 79.8 -
2 ¢ 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
¢ Swin-T (Liu et al., 2021b) 29 4.5 81.3 -

o ResNet18 (He et al., 2016) 12 1.8 69.8 584.9

S ResNet50 (He et al., 2016) 26 4.1 79.8 524.8
% ConvMixer-512/16 (Trockman et al., 2022) 5.4 - 73.8 -
2 ConvMixer-1024/12 (Trockman et al., 2022) 14.6 - 77.8 -

= ConvMixer-768/32 (Trockman et al., 2022) 21.1 - 80.16 142.9

' Context-Cluster-T1 (gurs) 5.3 1.0 71.8 518.4

% Context-Cluster-Ti% (ours) 5.3 1.0 71.7 510.8

5 Context-Cluster-Small (gyrs) 14.0 2.6 717.5 513.0

Context-Cluster-Medium (oyrs) 27.9 5.5 81.0 325.2
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Table 2: Component ablation studies of
Context-Cluster-Small on ImageNet-1Kk.

position context multi top-1
info. cluster head acc.
X X X -
X X 74.2(13.3)
X 76.6(10.9)
77.5
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Figure 4: Visualization of activation map, class activation map, and clustering map for ViT-B/16,
ResNet50, our CoC-M, and CoC-T without region partition, respectively. We plot the results of the
last block in the four stages from left to right. For ViT-B/16, we select the [3rd, 6th, 9th, 12th] blocks,
and show the cosine attention map for the cls-token. The clustering maps show that our Context
Cluster is able to cluster similar contexts together, and tell what model learned visually.
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Figure 7: The clustering results of the last context cluster block in the first CoC-Tiny stage (without
region partition). Without region partition, Our Context Cluster astonishingly displays "SuperPixel"-
like clustering results, even in the early stage. we pick the most intriguing one out of the four heads. ﬂ
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Table 3: Classification results on ScanObjectNN. All results are
reported on the most challenging variant (PB_T50_RS).

Method mAcc(%) OA(%)
SpiderCNN (Xu et al., 2018) 69.8 73.7
DGCNN (Wang et al., 2019) 73.6 78.1
PointCNN (Li et al., 2018) 75.1 78.5
GBNet (Qiu et al., 2021) 77.8 80.5
¢ PointBert (Yu et al., 2022d) - 83.1
¢ Point-MAE (Pang et al., 2022) - 85.2
¢ Point-TnT (Berg et al., 2022) 81.0 83.5
& PointNet (Q1 et al., 2017a) 63.4 68.2
& PointNet++ (Q1 et al., 2017b) 75.4 77.9
& BGA-PN++ (Uy et al., 2019) 77.5 80.2
% PointMLP (Ma et al., 2022) 83.9 85.4
% PointMLP-elite (Ma et al., 2022) 81.8 83.8

PointMLP-CoC (ours) 84.4 86.2




. . . . HRhrasss| G
' 4 Experiments——Object Detection and Instance Segmentation |v

Table 4: COCO object detection and instance segmentation results using Mask-RCNN (1X).

Family Backbone Params | AP™%  AP2X  APbOX | Apmask  Apmask A pmask
Conv. ResNet-138 31.2M | 34.0 540 36.7 | 31.2 51.0 32.7
Attention ¢ PVT-Tiny 32.9M | 36.7 59.2 393 | 35.1 56.7 37.3
CoC-Small/4 | 33.6M | 35.9 583 383 | 338 55.3 35.8
Cluster CoC-Small/25 | 33.6M | 37.5 60.1 40.0 | 354 57.1 37.9
CoC-Small/49 | 33.6M | 37.2 59.8  39.7 | 349 56.7 37.0
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Table 5: Semantic segmentation perfor-

mance of different backbones with Seman-
tic FPN on the ADE20K validation set.

Backbone Params mloU(%)
ResNetl8 15.5M 32.9
¢ PVT-Tiny 17.0M 35.7

CoC-Small/4 17.7M 36.6
CoC-Small/25 | 17.7M 36.4
CoC-Small/49 | 17.7M 36.3
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