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Backbone Matters -- Representation Learning
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Zhou, Bolei, et al. "Learning deep features for discriminative localization." Proceedings of the IEEE
conference on computer vision and pattern recognition. 2016.



Recent CNN for Image Classification

* SOTA using Neural Architecture Search (NAS)
» Tailored to one task

* Hard to transfer
» Meta architecture change

* Not necessarily low latency
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ResNet Still Servers as the Backbone

» Object detection (Faster-RCNN)

* Instance segmentation (Mask-RCNN)
» Pose estimation (Alpha-pose)
* Semantic Segmentation (DeeplLabV3)
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Introduction 30%

« ResNeSt a new ResNet variant 84l
* A sinple and modular network
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SoTA Results

Method Backbone Dataset Metric Score (-sota)
Cascade R-CNN ResNeSt-200 (ours)  MS-COCO bbox mAP  53.30 (+0.0)
Mask mAP 47.10 (+0.8)
Panoptic FCN ResNeSt-200 (ours) MS-COCO PQ 47.90 (+4.9)
Deeplab-V3 ADE20K mloU 48.36 (+2.1)
ResNeSt-200 (ours) ,
Cityscapes mloU 82.7 (+1.2)
ResNeSt-269 (ours)  Pascal Context mloU 58.9 (+2.7)

Results from https://paperswithcode.com/ on 05/30/2020.

LVIS winner [Talk] [ Team LvisTraveler
LVIS most innovative [Talk] Team Asynchronous SSL
LVIS spotlight [Talk][Video] Team MMDet

COCO + LVIS Challenge at ECCV 2020 2R\
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https://paperswithcode.com/

Multi-branch Network Representation
» GoogNet/Inception (1x1, GAP)

y=Hx,Wyu) T(x,Wrt)+x-(1-T(x,Wr)).

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions 4 [ , 4

1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer

Full Inception module

Szegedy, Christian, et al. "Going deeper with convolutions."
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Multi-branch v.s. Channel-attention

 Diverse representation v.s. feature correlation

* SE-ResNeXt:
« SE-Module + ResNeXt %L\‘
- Split-Attention Network b
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Split-Attention Block

ResNeSt Block
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Split-Attention within Cardinal Groups
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Modularization and Acceleration
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Ablation Study on Image Classification

He, Tong, et al. "Bag of tricks for image classification with cdhvolutional neural networks." Proceedings of

the IEEE Conference on Computer Vision and Pattern Recognition. 2019.

* Improvement break down * Radix and
ardinality
/nes et-
#P |GFLOPs|acc(%) Varig/nt #P |GFLOPs|img/sec|acc(%)
ResNetD-50 [27](25.6M| 4.34 78.31 [0s1x64d]|25.6M| 4.34 688.2 | 79.41
+ mixup 25.6M| 4.34 79.15 1slx64d [26.3M| 4.34 617.6 | 80.35
+ autoaug 25.6M| 4.34 |79.41 |2s1x64d |27.5M| 4.34 [ 533.0 | 80.64 |
|ResNeSt—50—fast 27.5M| 4.34 | 80.64| 4slx64d |31.9M| 4.35 || 458.3 | 80.90 |
ResNeSt-50 27.5M| 5.39 81.13 (292x40d [26.9M| 4.38 481.8 | 81.00
A f
split width (= o
cardinalit channels) sulljo:qtljr;nt

experiments
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Compare with

SoTA
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#P

crop

img/sec

ResNeSt-101(ours)
EfficientNet-B4 [55]
SENet-154 [29]
NASNet-A [74]
AmoebaNet-A [45]

ResNeSt-200 (ours)
EfficientNet-B5 [55]
AmoebaNet-C [45]
ResNeSt-269 (ours)
GPipe
EfficientNet-B7 [55]

48M
19M
146M
89M
87M
70M
30M
155M
111M
557M

66 M

256
380
320
331
299
320
456
299
416

600

291.3
149.3
133.8
103.3

+-— — e —

acc(%)
83.0
83.0
82.7
82.7
82.8
83.9
83.7
83.5
84.5
84.3

84.4

Table 4: SoTA results comparison on ImageNet with CNN models using large

crop sizes. Our ResNeSt displays the best trade-off between accuracy and latency.
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MS-COCO Dataset

« COCO-2017:
118k/5k train/val

* Object Detection
* Instance Segmentation
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Results on Object Detection

| Prior Work

Our Results

Cascade-RCNN 2]

Method Backbone mAP%
ResNet101 [22] 37.3
Faster-RCNN [46] ResNeXt101 [5,60]| 40.1
SE-ResNet101 [29]| 41.9

Faster- RONN+DCN [12]] ResNet101 5] | 421
Cascade-RCNN [2] ResNet101 42.8

_______________ ResNet50 [57] | 39.25
ResNet101 [57] | 41.37

ResNeSt50 (ours)

ResNeSt101 (ours )

ResNet50 [57]
ResNet101 [57]

ResNeSt50 (ours)
ResNeSt101 (ours)

ResNeSt200 (ours)

MS-COCO validation set.

The performance of Faster-
RCNN and Cascade-RCNN are
significantly improved by our
ResNeSt backbone.

Notably, our ResNeSt50 often
outperforms ResNet101



Results on Instance Segementation

Prior Work

Our Results

Method Backbone box mAP% mask mAP%
DCV-V2 [72 ResNet50 27 37.0
HTC [5] ResNet50 43.2 38.0
Mask-RCNN [23] | ResNet101 [6] 39.9 36.1
Cascade-RCNN [4] ResNet101 44.8 38.0
I ResNet50 [57] | 3997  36.05
ResNet101 |57 41.78 37.51
Masle RONN 28] rmesimn (([)ur]s) 42.81 38.14
ResNeSt101 (ours)|  45.75 40.65
"""""" ResNet50 [57] 43.06 37.19
ResNet101 [57] 44.79 38.52
Cascade-RCNN [3] 1 NeSt50 (ours) DD 39.55 ‘
ResNeSt101 (ours) 48.30 41.56

MS-COCO validation
set.

Both Mask-RCNN and
Cascade-RCNN
models are improved
by our ResNeSt back-
bone.

Models with our
ResNeSt-101
outperform all prior

work using ResNet-
101.



Semantic Segmentation

« ADE20K Dataset:

» 150 object categories
« 20K/2K train/val

* Cityscapes Dataset:

* 19 object categories
« 2,975/500 train/val




Results on Semantic Segmentation

Method Backbone pixAcc% mloU%
» UperNet [59] ResNet101 81.01 42.66
Z|PSPNet [69] ResNet101 81.39  43.29 o
O [
=|EncNet [65] ResNet101 81.69  44.65 ADE20K Validation Set
B|CFNet [66] ResNet101 81.57  44.89  * Outperform previous best
£ |OCNet [63] ResNet101 - 45.45 single model by 2.4% |
__|[ACNet [17] | ResNetlol | 8196 4590 MOV
ResNet50 [21] 80.39 42.1
. ResNet101 [21] | 81.11  44.14
3 DeeplabV3 [7]| ResNeSt-50 (ours) | 81.17 45.12
ResNeSt-101 (ours)| 82.07  46.91
ResNeSt-200 (ours)| 82.45 48.36




Conclusion and Extra thoughts

« ResNeSt, a SoTA CNN model, an universal backbone

* The backbone improvement directly boost downstream applications
* Augment the network design spaces (NAS)

* The SOoTA on ImageNet is a comprehensive . —
competition: s /
* Network + training strategy (new standard) = o ¥ =
 Devils into the detail (see paper appendix) é 04/ /;/
A
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ResNeSt

Split-Attention Network, A New ResNet Variant. It significantly boosts the performance of downstream models such

CNN, Cascade R-CNN and DeeplLabV3.
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