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Background

* Fine-grained Visual Categorization
- Recognize object into fine-grained subcategories from a given basic category, such as identifying
bird species
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Application Scenarios

* Biodiversity conservation * Remote sensing * Smart Retail
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Research Challenages

* Large Intra-class Variance

Heermann Gull

Slaty backed Gull

Western Gull




Research Challenages

« Small Inter-class Variance

.

Heermann Gull

Slaty backed Gull

Western Gull

i Wyl
L B N N N N N B § N N N N N § N N § § N §B § N8 N § N N N _§ ]




Related Work

* Mainly adopt localization and recognition paradigm (CNN based method)

- Utilize detection or segmentation method
- Leverage attention mechanism

- Use deep filters
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Wei et al., Fine-Grained Image Analysis with Deep Learning: A Survey, TPAMI 2021.



Related Work

* Mainly adopt localization and recognition paradigm (CNN based method)

- Spatial details information degrades with stacked convolution and pooling operation

- Significant regions are generally hard to detect fully within the object extent
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He et al., Fast Fine-Grained Image Classification via Weakly Supervised Discriminative Localization, TCSVT 2019.



Motivation

* Vision transformer provides interaction among patches layer by layer

— Spatial details information is kept via patch information interaction in the transformer layer

* Structure reveals the object’s spatial composition of significant regions

— Helpful for highlighting significant regions within object for fine-grained recognition
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Dosovitskiy et al., An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, arXiv 2020.




Our Contribution

* We propose a Structure Information Modeling Transformer (SIM-Trans) approach
- Structure information learning is introduced into vision transformer to mine the object’s spatial
context relation for highlighting discriminative regions within object extent
- Multi-level feature boosting is proposed to utilize the complementarity of multi-layer features and

contrastive learning for obtaining robust feature representation
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Our Approach

* Structure Information Learning

- Patch significance obtaining

Multi-level Feature Boosting Vison Transformer Structure Information Learning
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Structure Information Learning

* Patch Significance Obtaining

— Adopt sliding window splitting method with overlap to get image patches

— Obtain patch significance based on self-attention calculation
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Structure Information Learning

* Object structure Embedding

— Calculate the spatial context relation and

construct structure graph
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Multi-level Feature Boosting

* Contrastive Learning

— Pull the positive pairs and push the negative pairs in the feature space

Calculate contrastive learning loss
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Multi-level Feature Boosting

* Multi-layer feature concatenation

— Exploit the complementarity of multi-layer features to obtain robust representation for recognition
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Dataset

 CUB-200-2011 * iNaturalist 2017
— 200 classes — 13 super classes, 5089 classes
— 5994 training images — 579,184 training images
— 5794 test images — 95,986 test images
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Comparisons with State-of-the-art Methods

e On CUB-200-2011 dataset

= Our SIM-Trans approach can achieve better fine-grained recognition performance than CNN backbone

based methods

Method Backbone Acc(%)
KP (CVPR 2017) [6] VGG16 86.2
MA-CNN (ICCV 2017) [39] VGG19 86.5
PC (ECCV 2018) [10] DenseNet161 86.9
NTS-Net (ECCV 2018) [36] ResNet50 87.5
M2DRL (IJCV 2019) [15] VGG16 87.2
S3N (ICCV 2019) [7] ResNet50 88.5
FDL (AAAI 2020) [21] ResNet50 88.6
LIO (CVPR 2020) [42] ResNet50 88.0
PMG (ECCV 2020) [9] ResNet50 89.6
DP-Net (AAAI 2021) [31] ResNet50 89.3
GaRD (CVPR 2021) [38] ResNet50 89.6
Chang et al. (CVPR 2021) [4] ResNet50 89.9
SPS (ICCV 2021) [17] ResNet50 88.7
oung et al. ICCV 2021) [19 ResNet50 88.4
CAL (ICCV 2021) [24] | ResNet101 | 906 |
MCEN (ACM MM 2021) [20 ResNet50 89.3
ViT (ICLR 2020) [8] ViT-B_16 90.6
RAMS-Trans (ACM MM 2021) [16] | ViT-B_16 91.3

Our SIM-Trans approach ViT-B_16
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Comparisons with State-of-the-art Methods

e On CUB-200-2011 dataset

- Our SIM-Trans approach also achieves better performance than transformer backbone based methods

Method Backbone Acc(%)
KP (CVPR 2017) [6] VGG16 86.2
MA-CNN (ICCV 2017) [39] VGG19 86.5
PC (ECCV 2018) [10] DenseNet161 86.9
NTS-Net (ECCV 2018) [36] ResNet50 87.5
M2DRL (IJCV 2019) [15] VGG16 87.2
S3N (ICCV 2019) [7] ResNet50 88.5
FDL (AAAI 2020) [21] ResNet50 88.6
LIO (CVPR 2020) [42] ResNet50 88.0
PMG (ECCV 2020) [9] ResNet50 89.6
DP-Net (AAAI 2021) [31] ResNet50 89.3
GaRD (CVPR 2021) [38] ResNet50 89.6
Chang et al. (CVPR 2021) [4] ResNet50 89.9
SPS (ICCV 2021) [17] ResNet50 88.7
Joung et al. (ICCV 2021) [19] ResNet50 88.4
CAL (ICCV 2021) [24] ResNet101 90.6
MCEN (ACM MM 2021) [20] ResNet50 89.3
V1 R 2020) [3




Comparisons with State-of-the-art Methods

e On iNaturalist 2017 dataset

- Our SIM-Trans approach achieves better performance than other state-of-the-art methods

- Achieve promising performance on large-scale fine-grained recognition scenario

Super Class Class Train Images | Test Images
Plantae 2101 158407 38206
Insecta 1021 100479 18076
Aves 964 214295 21226
Reptilia 289 35201 5680
Mammalia 186 29333 3490
Fungi 121 5826 1780
Amphibia 115 15318 2385
Mollusca 93 7536 1841
Animalia 77 5228 1362
Arachnida 56 4873 1086
Actinopterygii 53 1982 637
Chromista 9 398 144
Protozoa 4 308 73

Method Backbone Acc(%)
ResNet152 (CVPR 2016) [12] ResNet152 59.0
IncResNetV2 (AAAI 2017) [28] InResNetV2 67.3
SSN (ECCV 2018) [25] ResNet101 65.2
TASN (CVPR 2019) [40] ResNet101 68.2
Huang et al. (CVPR 2020) [18] ResNet101 66.8
ViT (ICLR 2020) [8] ViT-B_16 67.0
RAMS-Trans (ACM MM 2021) [16] | ViT-B_16 68.5
Our SIM-Trans approach ViT-B_16 69.9
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Ablation Study

e On CUB-200-2011 dataset

= Our SIM-Trans approach with the proposed structure information learning (SIL) and multi-level feature

boosting (MFB) achieves the best performance

- The contrastive learning in multi-level feature boosting (MFB) boosts the feature representation

robustness to bring performance gains

Method Acc(%)
Baseline 90.6
Baseline + SIL 91.1
Baseline + SIL + MFB_ without CL 91.4
Baseline + SIL + MFB 91.8
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Qualitative Experimental Results

* Attention Visualization
— Our SIM-Trans approach can highlight significant regions within the object more precisely

Image ViT Our SIM-Trans
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Qualitative Experimental Results

e Attention Visualization

— Our SIM-Trans approach can highlight significant regions within the object more precisely
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Conclusion

* We propose the SIM-Trans approach to introduce the object structure information
into vision transformer for boosting the discriminative feature learning to contain

both the appearance and structure information

* Structure information learning is proposed to mine spatial context relation of
significant patches within the object extent to boost model’s understanding ability

for object structure and highlight discriminative regions

* Multi-level feature boosting is proposed to exploit the complementarity of multi-

layer features and contrastive learning to enhance feature representation robustness
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Contact

Lab Homepage Github Homepage

Multimedia Information Processing Lab (MIPL)
http://www.wict.pku.edu.cn/mipl/

SIM-Trans code: https://github.com/PKU-ICST-MIPL/SIM-Trans ACMMM?2022



https://github.com/PKU-ICST-MIPL/SIM-Trans_ACMMM2022
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