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Advances in Visual Recognition

Larger Models
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Faster Computing
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TOP 1 ACCURACY

Standard Visual Recognition Is Getting Saturated

ImageNet-1K Top Performing Models
Number
Meta Pseudo Labels (EfficientNet-L2) RaRk ‘Model Top1 4+ Top5 of
FixResNeXt-101g32x48d FCCURACY”  ACCUrBCY: = o s
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_ 1 91.00 2100M
VGG-19 (finetuned) I I
| |
AlexNet Model soups ! I
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Challenge - Real World Data Are Imperfect

Domain shift

Data noise
Imbalanced distribution
Can contain Occlusions

Can be Cluttered
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Can be Ambiguous

Can be Deceiving

o I .— puttert

4 <A NVIDIA.




More Challenging Scenarios

Corrupted ImageNet (ImageNet-C) COCO-C/Cityscapes-C

Corruption: Saturate ResNet: 33.7 Swin: 41 FAN:51.4 Corruption: JPEG ResNet: 18.2 Swin: 26.6 FAN: 33.5

Gaussian Noise Shot Noise Impulse Noise  Defocus Blur Frosted Glass Blur

Corruption: Snow ResNet-50:12.0 _ Swin-T:19.9 FAN-S-H:47.4 Corruption: JPEG  ResNet-50:27.4  Swin-T: 33.7 FAN-S-H: 62.1

Brightness Contrast Elasti Pixelate JPEG

Hendrycks et al., Benchmarking Neural Network Robustness to Common Corruptions and Perturbations, ICLR19

<A NVIDIA.



How Well Do Current DNNs Perform?

Image Classification Semantic Segmentation

=+ ResNet-50

" E‘v Segformer-B2"
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ViTs Are Robust Learners

Convolutional Neural Network (CNN)
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Bai et al., Are Transformers More Robust Than CNNs? NeurlPS21

(a) Occlusion (b) DlStrlbl.l[lOl‘l Shift (c) Adversanal Patch  (d) Permutation (e) Auto-Segment (f) Off-the-shelf Feats.
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Figure 1: We show intriguing properties of ViT including impressive robustness to (a) severe occlusions, (b)
distributional shifts (e.g., stylization to remove texture cues), (c) adversarial perturbations, and (d) patch
permutations. Furthermore, our ViT models trained to focus on shape cues can segment foregrounds without any
pixel-level supervision (e). Finally, off-the-shelf features from ViT models generalize better than CNNs (£).

Naseer et al., Intriguing Properties of Vision Transformers, NeurlPS21
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Delving Deeper into ViT’s Robustness
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Visual Grouping and Information Bottleneck

Visual Grouping

"I stand at the window and see a house, trees, sky. Theoretically I might
say there were 327 brightnesses and nuances of colour. Do I have "327"?
No. I have sky, house, and trees.”

——Max Wertheimer

Information Bottleneck (IB)

Deep Neural Nets and Information Theory ??
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"Information bottlenecks are extremely interesting. I have to listen to
it ten thousand times to really understand it. It's hard to hear such
original ideas today. Maybe it's the key to the puzzle.”

——Geoffrey Hinton

NVIDIA.



Visual Grouping

Segmentation by Graph Cuts

V.

* Break Graph into Segments '
— Delete links that cross between segments

— Easiest to break links that have low cost (low similarity)
* similar pixels should be in the same segments
* dissimilar pixels should be in different segments

i
R

Source: Seitz
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Spectral Clustering vs. Self-Attention

D 124D 129 = o

Image Credit: Spectral Clustering for Molecular Emission Segmentation.

X we Q Scaled Dot-Product Attention

softmax( B}E ] @ ) ﬁt

V.

Image Credit: Jay Alammar, The lllustrated Transformer.
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Emerging Properties in ViTs

-
=)
*
—
<)

==+ Noise Norm in FAN-S-ViT
Noise Norm in ViT-S
Noise Norm in ResNet-50

[
N
L

o
©
s

*

-

<)
L

o
(o))
.
o o
[=)] ©
o
[o0]
A
2

Portion of Zero Eigenvalues
4 . - '
Normalized Feature Norm (%)
o
o

- #Zeros EIGENs, FAN-S, eps: 1e-2
#Zeros EIGENSs, FAN-S, eps: 1e-3
#Zeros EIGENs, FAN-S, eps: 1e-4

= Noise Norm in FAN-S-ViT ’A.

°
IS
f

o
H
Noise Norm

N
S

o©
[N)
N
i
T
o
N

e
[N

ngriid
0 2 4 6 8 10 0 2 4 6 8 10 12
Block Index Block Index

Correlation between grouping and robustness over network blocks

o
IS}
¢
{1¢
¢
=)
o
°©
S}
"

Block8 Block9

Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV21
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The Trinity among Visual Grouping, IB and Robust Generalization

Given a distribution X ~ AN(X’, ¢) with X being the ob-
served noisy input and X’ the target clean code, IB seeks

a mapping f(Z]X) such that Z contains the relevant infor- Visual Rfermation
mation in X for predicting X’. This goal is formulated as .
Grouping Bottleneck

the following information-theoretic optimization problem:
Self-
Attention

*(Z|1X) = in I(X,2)—I1(Z,X"), 3
fis(Z|X) argfggl‘r;()( ) —1( ) 3)

Proposition 2.1. Under mild assumptions, the iterative step
to optimize the objective in Eqn. (3) can be written as:

;I—Eilxi

- loglne/n] P [* ]
Ze = Z ndet X n Bl B X “)

= Dot exp[ 1/2 }
or in matrix form:
Z = Softmax(Q K/d)V ", (5)
Robust
oglme /] Generalization
. ogng/n

with V. = [x1,...,xn|20C8 K = [u1,..., uN] =

WkX, Q = X' x1,...,xy] and d = 1/2. Here n., ¥
and W are learnable variables.

<ANVIDIA



Multi-Head Attention
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Fully Attentional Network

Memory <D

XeNyos
Ay |auuey)

D x 1 Retention: 78%

» Further deploy the attention mechanism reinforce the clustering phenomenon

= Fore-ground objects are better captured

= Directly apply SA along the channel dimension has two drawbacks

1) Large computational overhead
2) Low parameter efficiency
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Main Results - Image Classification

FAN (Ours)

Retention Rate (%)

801 - Model [Params (M) Clean IN-A IN-R IN-C
> PV m== a===="""""7" Commext ImageNet-1K Pre-trained
0 - /.ResNet
XCiT-S24 (El-Nouby etal.)| 47.7 826 27.8 455 494
65 /’ ey RVT-B* (Mao et al.) 91.8  82.6 285 487 468
60 ; FANTVIT Qu) | TM 7927342 Swin-B (Liu et al.) 87.8 834 358 642 544
ss{ ) pGs oD | panr SoiosaHs ConvNeXt-B (Liu et al.) 88.6 838 367 513 468
// ResNet-101 [3] 45M  83.0/59.2
s0{ patBizl | BM 06 FAN 76.8 843 41.8 532 430
4 FAN-L-Hybrid (Ours)| 77M  84.3/68.3 )
45 . : . . - - - ImageNet-22K Pre-trained
0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
FLOPs (6) ConvNeXt-B* (Liuetal) | 88.6 868 623 649 43.1
5 FAN 76.8  86.5 60.7 643 358
FAN' 768 871 745 711 36.0

Corrupted input ResNet-50 FAN-S (ours)



Main Results - Downstream Tasks

(a) Main results on semantic segmentation. ‘R-> and ‘X-’ refer (b) Main results on object detection. FAN shows stronger clean
to DeepLabv3+, ResNet and Xception. The mloUs of DeepLabv3+ accuracy and robustness than other models. ‘1* denotes the accuracy
framework are reported from [31]. FAN shows significantly stronger ~ pre-trained on ImageNet-22K.

clean accuracy and robustness than other models.

Model | Encoder Size COCO COCO-C Retention
Model | Encoder Size City City-C Retention Mask R-CNN
DeepLabv3+ (R50) 254M 766 368  48.0% ResNet-50 [1] Ssam 300 13 S33%
DeepLabv3+ (R101) 479M 771 394 51.1% ; ’ ' - o
DeiT-S [2] 22.1M 40.0 26.9 67.3%
ICNet [32] . 659 280  425% Swin-T [24] 28.0M 46.0 29.3 63.7%
FCN-8s [33] 50.1M 66.7 274 41.1% ConvNeXt-T [24] 46.2
ResNet-38 [34] - 775 326 421% [FAN-T-Hybrid 7.0M 458 7 64s%
ConvNeXt-T [14] 290M 790 544  689% FAN-S-Hybrid 26.3M 49.1 35.5 72.3%
SETR [35] 22.1M 76.0 553 72.8% Cascade R-CNN
Swin-T [24] 284M 781 473 60.6% ST S04
SegFormer-BO [10] 3.4M 762 488  64.0%
SegFormer-B1 [10] 13.IM 784 527 672% ﬁ:’;f’;i’f "bT. . 263M 22‘2 w7 7264
SegFormer-B2 [10] 242M 810 596  73.6% Swin:]; vort ’ 519 ’ o
SegFormer-B5 [10] 81.4M 824 658  79.9% ConNaXLB s
FAN-T-Hybrid (Ours) 7.4M 812 57.1  70.3% FAN-L-Hybrid 76.8M 54.1 40.6 75.0%
FAN-S-Hybrid (Ours) 263M 815 664  81.5% Swin-Bf 53.0
FAN-B-Hybrid (Ours) | 50.4M 822 669  81.5% XBI 340
FAN-L-Hybrid (Ours) | 76.8M 823 687  83.5% |FAN-L-Hybrid* 76.8M 55.1 42.0 76.2% I
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