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Goal

Given an input image, the model need to prediction a category out of
1000 predefined category.

Predicted Top-5 Cateqgories

: Newfoundlanddog prob=92.7%
SVT . Saint Bernard prob=0.1%
: Tibetan mastiff prob =0.1%
. chow, chowchow  prob=0.0%
. Great Pyrenees prob=0.0%

Transformer

To make efficient transformer in terms of parameter, Computation
and make more robust feature representation



% Issues in Transformer

: < Proposed Solution
Introduction




Issues in Vision Transformer

Computational Complexity increase quadratic with Sequence Length.

Thus, existing solutions commonly employ down-sampling operations (e.g., average
pooling) over keys/values to dramatically reduce the computational cost.

Unfortunately, such operations are non-invertible and can result in information loss.
Memory (#Parameters)

Computation Cost (#Gflops)

 Latency

Issue of capturing fine-grained information within images

effectively




Proposed Solution

o PSS =

SCATTERING SPECTRAL GATING CHANNEL AND TOKEN
TRANSFORMATION: DTCWT NETWORK : TBM AND EBM MIXING



Contribution

We introduce a novel invertible scattering network based on DTCWT transformation into vision transformers
to decompose image features into low-frequency and high-frequency features

We proposed a novel SGN, which uses TBM to mix low-frequency components and EBM to mix high-
frequency components.

We use an efficient way of mixing high-frequency components using channel and token mixing with the help
of Einstein multiplication

We use tensor multiplication in low-frequency components and Einstein multiplication in high-frequency
components leading to an efficient implementation of SVT, both in the number of parameters and
computational complexity.
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Vision Transformer

Vision Transformer (ViT) Transformer Encoder
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https://towardsdatascience.com/recent-developments-and-views-on-computer-vision-x-transformer-ed32a2c72654

Spectral Vision Transformers
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SVT Model Diagram
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SVT Model Diagram
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Einstein Blending Method

Tensor Blending Method
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TBM

Dual Tree Complex Wavelet Transform (DTCWT)
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Data

ImageNet Dataset Details:

« Train Set examples =1200K
» Test Set examples = 50K

The CIFAR-10, and CIFAR 100 Dataset Details:

« Train Set examples =50K
« Test Set examples = 10K

Flower Dataset

« Training set: The training set consists of 1,020 images of flowers, with at least 10 images per category.
« Test set: The test set consists of the remaining 7,169 images of flowers, with at least 20 images per category.

Stanford CAR Dataset

« Training set: The training set consists of 8,144 images of cars from 98 different classes.
« Test set: The test set consists of 8,041 images of cars from the remaining 98 classes.
o Link: SVT_Data.docx (sharepoint.com)



https://microsoftapc-my.sharepoint.com/:w:/r/personal/badripatro_microsoft_com/_layouts/15/Doc.aspx?sourcedoc=%7B70286ce6-b69b-4b63-bc4f-37051de77e54%7D&action=edit&wdPreviousSession=9638167b-ff16-453d-beb0-ad97c5137e10&share=IQHmbChwm7ZjS7xPNwUd535UAbkzNuKG1iJ91fSfvbWIEb8
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SOTA on ImageNet

Method | Params | GFLOPs | Top-1  Top-5 Method | Params  GFLOPs | Top-l1  Top-5
Small Large
ResNet-50 [22] 255M 71 783 943 ResNet-152 [22] 602M 116 813 955
BoTNet-S1-50 [48] 20.8M 43 80.4 95.0 ResNeXt101 [63] 83.5M 15.6 81.5 -
Cross-ViT-S [6] 26.7M 5.6 81.0 - ¢MLP-B [36] 73.0M 15.8 816 -
Swin-T [37] 29.0M 45 812 955 DeiT-B [52] 86.6M 17.6 818 956
ConViT-5§ [15] 27.8M 54 81.3 95.7 SE-ResNet-152 [24] 66.8M 11.6 822 95.9
T2T-ViT-14 [68] 21.5M 48 815 957 Cross-ViT-B [6] 104.7M 212 822 -
RegionViT-Ti+ [3] 14.3M 2.7 81.5 - ResNeSt-101 [71] 48.3M 10.2 823 .
SE-CoT'NetD-50 [34] 23.1M 4.1 81.6 95.8 ConViT-B [15] 86.5M 16.8 824 95.9
Twins-SVT-S [10] 24.1M 29 81.7 95.6 PoolFormer-M48 [67] 73.0M 11.8 825 -
CoaT-Lite Small [64] 20.0M 4.0 81.9 95.5 T2T-ViTt-24 [68] 64.1M 15.0 82.6 95.9
PVTv2-B2 [58] 25.4M 4.0 82.0 96.0 TNT-B [20] 65.6M 14.1 82.9 96.3
LITv2-S [40] 28.0M 37 82.0 R CycleMLP-B4 [7] 52.0M 10.1 83.0 R
MViTv2-T [33] 24.0M 4.7 823 . DeepViT-L [74] 58.9M 12.8 83.1 .
Wave-ViT-§ [66] 19.8M 4.3 82.7 96.2 RegionViT-B [5] 72.7M 13.0 83.2 96.1
CSwin-T [13] 23.0M 43 82.7 R CycleMLP-BS (7] 76.0M 12.3 832 ;
DaViT-Ti [12] 28.3M 45 82.8 : ViP-Large/7 [23] 88.0M 244 832 ;
SVT-H-§ 21.7TM 39 83.1 96.3 CaiT-S36 [53] 68.4M 13.9 833 -
iFormer-S[47] 20.0M 48 834 966 AS-MLP-B [35] 88.0M 152 833 ;
CMT-S [18] 25.1M 4.0 83.5 . BoTNet-S1-128 [48] 75.1M 193 835 965
MaxViT-T [54] 31.0M 56 83.6 R Swin-B [37] 88.0M 15.4 835 965
Wave-ViT-S* [66] 227M 47 839 966 Wave-MLP-B [49] 63.0M 102 836 ;
SVT-H-S* 22.0M 3.9 84.2 96.9 LITv2-B [40] 87.0M 13.2 83.0 -
Base PVTv2-B4 |58] 62.6M 10.1 83.60 96.7
ResNet-101 [22] A46M 70 800 950 ViL-Base [72] 557M 134 837 .
BoTNet-51-59 [48] 33.5M 73 81.7 95.8 Twins-SVT-L [10] 99.3M 15.1 83.7 96.5
T2T-ViT-19 [68] 39.2M 8.5 819 957 | Hire-MLP-Large [19] | 96.0M 134 838 .
CvT-21 [60] 32.0M 71 825 R RegionViT-B+ [5] 73.8M 13.6 838 ;
GFNet-H-B [44] 54.0M 8.6 8.9 962 Focal-Base [65] 89.8M 16.0 838 965
Swin-S [37] 50.0M 8.7 832 962 PVTv2-B5 [58] 82.0M 11.8 838  96.6
Twins-SVT-B [10] 56.1M 8.6 832 96.3 SE-CoTNetD-152 [34] 55.8M 17.0 84.0 97.0
SE-COTNetD-101 [34] | 40.9M 8.5 832 965 DAT-B [61] 88.0M 15.8 84.0 -
PVTv2-B3 58] 45.2M 6.9 83.2 96.5 LV-ViT-M* [26] 55.8M 16.0 84.1 96.7
LITv2-M [40] 49.0M 7.5 833 - CSwin-B [13] 78.0M 15.0 842 -
RegionViT-M+ [5] 42.0M 7.9 834 . HorNet-B,. . [43] 88.0M 155 843 -
MViTv2-8 [33] 35.0M 7.0 83.6 . DynaMixer-L [59] 97.0M 274 843 .
CSwin-S [13] 35.0M 6.9 83.6 - MViTv2-B [33] 52.0M 10.2 84.4 -
DaViT-§ [12] 49.7M 8.8 84.2 - DaViT-B [12] 87.9M 155 84.6 -
VOLO-D1* [69] 26.6M 6.8 84.2 . CMT-L [18] 74.7M 195 84.8 .
CMT-B [18] 45.7M 9.3 84.5 - MaxViT-B [54] 120.0M 234 85.0 -
MaxViT-S [54] 69.0M 117 84.5 : VOLO-D2* [69] 58.7M 14.1 852 -
iFormer-B[47) 48.0M 94 846 970 VOLO-D3* [69] 86.3M 20.6 854 ;
Wave-ViT-B* [66] 33.5M 7.2 84.8 97.1 Wave-ViT-L* [66] 57.5M 14.8 85.5 97.3
SVT-H-B* 32.8M 6.3 8§5.2 97.3 SVT-H-L* 54.0M 12.7 85.7 97.5




Similar Architect

Table 3: This shows a performance comparison Hierarchical Transformer Comparison

of SVT with similar Transformer Architecture GENet-H-S [44] 1IM 46 315 | 95.6

with different sizes of the networks on ImageNet- LIT-S [41] 27M 41 215 )

1K. x indicates additionally trained with the To- iFormer-S[47] 20 4.8 834 | 96.6

ken Labeling objective using MixToken[26]. Wave-ViT-5* [66] 22 4.7 83.9 | 96.6
Network | Params | GFLOPs | Top-1 | Top-5 gii:g:g " gé;ﬂ ;3 33:[! 32;

Vanilla Transformer Comparison GFNet-H-B [44] 54M %6 820 0/.2
FFC-ResNet-50 [8] | 26.7M - 778 | - LIT-M [41] 48M 8.6 83.0 -
FourierFormer [38] - - 733 | 91.7 LITv2-M [40] 49.0M 1.5 83.3 -
GFNet-Ti [44] ™ 1.3 746 | 922 iFormer-B[47] 48 9.4 84.6 97.0
SVT-T M 1.8 76.9 | 934 Wave-MLP-B [49] 63.0M 10.2 83.6 -
EFC-ch;cjt-lﬂl 8] 44:15.:&1 2-9 ;*}if - Wave-ViT-B* [66] 33.5M 7.2 84.8 | 97.0
net- . A - *

GFNet-XS [44] 16M 2.9 786 | 942 Shlgi g EEE i B
GFNet-S [44] 25M 45 | 800 | 949 LIT-B [41] 86M 15.0 83.4 -
SVT-XS 199M | 4.0 79.9 | 94.5 LITv2-B [40] 87.0M 13.2 83.6 -
SVT-S 32.2M 6.6 815 | 953 HorNet- B ;- [43] 88.0M 15.5 84.3 -
FFC-ResNet-152 [8] | 62.6M - 78.9 - iFormer-L[47] 87.0M 14.0 84.8 97.0
GENet-B [44] 43M 7.9 80.7 | 95.1 Wave-ViT-L* [66] | 57.5M 14.8 85.5 | 97.3
L ST | T Ul SVT-H-L* 540M | 127 | 857 | 975




Model Performance

Top 1 vs GFLOPs Hierarchical Medels - lop 1 vs GFLOPs
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Figure 2: Comparison of ImageNet Top-1 Accu-
racy (%) vs GFLOPs of various models in Vanilla
and Hierarchical architecture.
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Figure 3: Comparison of ImageNet Top-1 Accu-
racy (%) vs Parameters (M) of various models in
Vanilla and Hierarchical architecture.



Ablation Analysis

Backbone Low Frequency High Frequency P?;?ITS FL('g)P > TFL}E )1 TEJ‘?E )5
Token Channel | Token Channel
SVTrrrr T T T T 25.18 4.4 83.97 96.86
SVTeerr E E T T 21.90 4.1 83.87 96.67
SVTrrrE E E E E 21.87 3.7 83.70 96.56
SVTrreg T T E E 22.01 3.9 84.20 96.82
SVTrrey T T E X 21.99 4.0 84.06 96.76
SVTrrye T T X E 22.25 4.1 84.12 96.91

Table 7: SVT model comprises low-frequency component and High-frequency component with the
help of scattering net using Dual tree complex wavelet transform. Each frequency component is
controlled by parameterized by weight matrix using Patch mixing and/or Channel Mixing. this table
shows details about all combinations and SV Trr ¢ 1s outperforms among them.



Ablation Analysis

Table 4: This table shows the ablation analysis of
various spectral layers in SVT architecture such as
FN. FFC, WGN, and FNO. We conduct this ablation
study on the small-size networks in stage architecture.

This indicates that SVT performs better than other

kinds of networks.
Model Params FLOPs Top-1 Top-5 Invertible

(M) (G) (%) (%) loss(l)
FFC 21.53 4.5 83.1 9523 -
FN 21.17 3.9 84.02 96.77 -
FNO 21.33 3.9 84.09 96.86 3.27e-05
WGN 21.59 3.9 83.70 96.56 8.90e-05

SVT 22.22 3.9 84.20 96.93 6.64e-06




Transfer Learning

Table 5: Results on transfer learning datasets. We
report the top-1 accuracy on the four datasets.

CIFAR CIFAR Flowers Cars

Model 10 100 102 19
ResNet50 [22] - - 9.2  90.0
VIT-B/16[14] | 981 871 895 -

ViT-L/16 [14] 97.9 86.4 89.7 -
Deit-B/16 [52] | 99.1 90.8 984  92.1
ResMLP-24 [51] | 98.7 89.5 979  89.5
GFNet-XS [44] 98.6 89.1 98.1 92.8
GFNet-H-B [44] | 99.0  90.3 908.8 932

SVT-H-B 99.22 91.2 98.9 93.6




Task Learning

Table 6: The performances of various vision backbones
on COCO val2017 dataset for the downstream instance
segmentation task such as Mask R-CNN 1x [21] method.
We adopt Mask R-CNN as the base model, and the bound-
ing box and mask Average Precision (i.e., AP? and AP™)
are reported for evaluation

Backbone AP" A P;;} A P?’; AP™ AP AP
ResNet50 [22] B0 586 414 344 551 367
Swin-T [37] 422 646 462 391 616 420
Twins-SVT-S [10] | 434 660 473 403 632 434
LITv2-S [40] 44.9 - - 40.8 - -

RegionViT-§ [5] 44.2 - - 40.8 - -

PVTv2-B2 [58] 453 671 496 412 642 444
SVT-S 46.0 68.1 504 419 650 451




Filter Characterisation
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Figure 4: This figure shows the Filter characterization of the 1n1t1al four layers of the SVT model. It

clearly shows that High-frequency filter coefficient c captures local filter information such as lines,
edges, and different orientations of an Image. The Low-frequency filter coefficient captures the shape

with the maximum energy part in the image.



Business Use-Case
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Business Use-Case

Extreme Classification: Fine grain Classification
Medical Imaging: X-rays, CT scans, MRI scans
Satellite imaging: Infra-red Images

Audio and Speech Applications
Signal Processing Applications
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