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Abstract

* Inthis paper Image is viewed as graph structure and introduced a new Vision
GNN (ViG) architecture to extract graph- level feature for visual tasks

* Divide the image into multiple patches that are treated like nodes
e Build graph by connecting the nearest neighbors

* Based on the graph representation of the image, the ViG model allows
information to be converted and exchanged between all nodes
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(a) Grid structure. (b) Sequence strugfure. (b) Graph structure.
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Proposed Method (VIG Framework)
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Figure 2: The framework of the proposed ViG model.



How the graph representation of the image is created ?
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Graph Structure of an Image
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Graph Structure of an Image
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Graph Structure of an Image
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Input Image

Constructed Graph Structure
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Graph Connection in 1% Block
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Constructed Graph Structure
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Network Architecture

Computer Vision
(Commonly used Transformer) y

Isotropic Architecture Pyramid Architecture
(VIiT [8]) ResNet [16]
Input images features Q@\e size in Multiscale images properties and
whole network, size does not change small spatial size as layer goes deep

Maodel | Resolution | Paams(M) | FLOPs(B) | Topl | TopS Mot | Reschstion | Faras(M) | RORE) | Topl | Tops

@ ResMLP-S12 comvixd [48) | 224x224 167 32 770 . p et g S . - - Bl

& ConvMixer-768/32 [50] 224x224 211 209 802 . & ResNen 152 116, %8 WA= 24 002 ns T v

@ ConvMixer- 1536720 [50) 224x224 516 S14 814 . @ BoTNex T3 [44) 245224 1.8 73 0 :
@ DoTNen T3 [84) I M7 e s

* VIT-16[8) | A84x384 864 555 mne . & BoTNet- T} [44) 196.x 2% "1 ) s

QM'“ICN | ZM!m s’ ..’ 72.2 ".' ~_.'_VT_W‘M[”| M2 132 thme; 75'7—‘

# DaT-S [49) 224x224 2.1 46 798 950 * PVT-Seall [84) 2N M8 i T

# DaT-B [49) | 224x224 864 176 IR 95.7 # PVT - Medium | S4) 24x2M “2 67 82
* PVT-Lasge |84] a2 614 os 57

B ResMLP-S24 |485) l 224x224 3 60 794 94s ogzmg g-g . » | ;sl a;

B ResMLP-B24 [45) 224x224 e 230 10 950 *OVT- - :
$OVT21[57) 184 084 49 E

* ViG-Ti (ours) 224x224 7.1 13 739 2.0 g‘.:g &

* ViG-S (ours) 24x224 27 45 504

* ViG-B (ouns) 224x224 868 177 23 X ﬂ




Network Architecture

Pyramid architecture. Pyramid architecture considers the multi-scale property of images by
extracting features with gradually smaller spatial size as the layer goes deeper, such as ResNet [17]
and PVT [57]. Empirical evidences show that pyramid architecture is effective for visual tasks [57].
Thus, we utilize the advanced design and build four versions of pyramid ViG models. The details are
shown in Table 2. Note that we utilize the spatial reduction [57] in the first two stages to handle large
number of nodes.



Table 2: Detailed settings of Pyramid ViG series. D: feature dimension, £: hidden dimension ratio
in FFN, K: number of neighbors in GCN, H x W: input image size. “I1’ denotes tiny, ‘S’ denotes
small, ‘M’ denotes medlum and ‘B’ denotes base.

Stage
Stem
Stage 1 I x ¥ E=14|x2 E=4|x2 E=4|x2 E = X2
1 | K=9 K= K= K =9 |
Downsample % X % Conv Conv Conv Conv
(D = 96 [ D = 160] (D = 192 D = 256
Stage 2 2 x ¥ E=14|x2 E = X2 E = X2 E = X2
| K =9 | [ K —9 . K =9 | K =9 |
Downsample =X Conv Conv Conv Conv
D = 240 D = 400 D = 384 D = 512
Stage 3 Ex X E=4 |x6 E=4 |x6 E=4 |x16 E=4 |x18
K = K = K = K =
Downsample 3% X gv_z Conv Conv Conv Conv
D = 384 D = 640 D = 768 D = 1024
Stage 4 55 X 1% E=4 |x2 E=4 |x2 B4 | x2 B— 4 |2
| K =9 | | K=9 | | K =9 | | K =9 |
Head 1 x 1 Pooling & MLP | Pooling & MLP | Pooling & MLP Pooling & MLP
Parameters (M) 10.7 273 51.7 92.6
FI . OPs (BR) 17 46 Q0O 16 R



Experiments

Dataset Main Results on ImageNet
* Image classification - ImageNet ILSVRC 2012 * Isotropic VIG
* Object detection - COCO 2017 + Object detection - COCO 2017
Table 4: Results of ViG and other isotropic networks on ImageNet. & CNN, B MLP, ¢ Transformer,
% GNN.
Model | Resolution | Params (M) | FLOPs(B) | Top-1 | Top-5
& ResMLP-S12 conv3x3 [50] 224 x224 16.7 3.2 77.0 -
& ConvMixer-768/32 [52] 224 x224 21.1 20.9 80.2 -
& ConvMixer-1536/20 [32] 224 x224 51.6 51.4 81.4 -
¢ ViT-B/16 [9] X 384 x384 86.4 55.5 77.9 -
¢ DeiT-Ti [51] 224 x224 5.7 1.3 72.2 91.1
¢ DeiT-S [51] 224 x224 22.1 4.6 79.8 95.0
¢ DeiT-B [31] 224 x224 86.4 17.6 81.8 95.7
W ResMLP-S24 [30] 224 x224 30 6.0 79.4 94.5
¥ ResMLP-B24 [30] 224 x224 116 23.0 81.0 95.0
M Mixer-B/16 [49] 224 x224 59 11.7 76.4 -
% ViG-Ti (ours) 224 x224 1 | £ 73.9 92.0
* ViG-S (ours) 224 x224 22.7 4.5 80.4 95.2
% ViG-B (ours) 224 x224 86.8 17.7 82.3 95.9

ViG-Ti achieves 73.9% top-1 accuracy, 1.7% higher than the DeiT-Ti model, at a similar computational cost.



Pyramid ViG Experiments

Table 5: Results of Pyramid ViG and other pyramid networks on ImageNet. é# CNN, = MLP, ¢
Transformer, Y% GINN.

Model | Resolution | Params (M) | FLOPs(B) | Top-1 | Top-5
& ResNet-18 [17,1539] 224 <224 12 1.8 70.6 89.7
& ResNet-50 [, 150 224 <224 25.6 4.1 79.8 95.0
& ResNet-152 [ 159] 224 <224 60.2 11.5 81.8 95.9
& BoTNet-T3 [46] 224 <224 33.5 7.3 81.7 -
& BoTNet-T3 [46)] 224 <224 54.7 10.9 82.8 -
& BoTNet-T3 [46] 256 <256 75.1 19.3 83.5 -
¢ PVT-Tiny 5] 224 <224 13.2 1.9 75.1 -
¢ PVT-Small [Z7] 224 <224 24.5 3.8 79.8 -
¢ PVT-Medium [57] 224 <224 44 .2 6.7 81.2 -
¢ PVT-Large [57] 224 <224 61.4 9.8 81.7 -
¢ CvT-13 [60] 224 <224 20 4.5 81.6 -
¢ CvT-21 [E0] 224 <224 32 7.1 82.5 -
¢ CvT-21 [€0] 384 <384 32 24.9 83.3 -
¢ Swin-T [33] 224 <224 29 4.5 81.3 95.5
¢ Swin-S [33] 224 <224 50 8.7 83.0 96.2
¢ Swin-B [33] 224 <224 88 15.4 83.5 96.5
W CycleMLP-B2 [5] 224 %224 27 3.9 81.6 -
W CycleMLP-B3 5] 224 <224 38 6.9 82.4 -
M CycleMLP-B4 [3] 224 <224 52 10.1 83.0 -
M Poolformer-S12 [EZ1] 224 <224 12 2.0 77.2 93.5
M Poolformer-S36 [(Z1] 224 <224 31 52 81.4 95.5
M Poolformer-M48 [[Z1] 224 <224 73 11.9 82.5 96.0
Y Pyramid ViG-Ti (ours) 224 <224 10.7 1.7 78.2 94.2
% Pyramid ViG-S (ours) 224 <224 27.3 4.6 82.1 96.0
% Pyramid ViG-M (ours) 224 <224 51.7 8.9 83.1 96.4
% Pyramid ViG-B (ours) 224 <224 92.6 16.8 83.7 96.5

GNNs have the potential to become basic components in visual tasks.

It showed similar or better performance than SOTA using CNN, MLP, and transformer.



Conclusion
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