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BACKGROUND:

SELF-SUPERVISED PRE-TRAINING
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BACKGROUND:

MEDICAL IMAGES V.S. NATURAL IMAGES

Natural images

v" Scan from large scopes
v Nonlimited range and pose

> Large inter-image difference
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Medical images

FTTE

v" Scan from small scopes
v" Limited range and pose

> large inter-image similarity

Opportunity: Learning inter-image similarity for the clustering of the same semantic regions
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Wang, X., et al. (2021). Dense contrastive learning for self-supervised visual a) Different semantic regions b) Same semantic regions
pre-training. CVPR (pp. 3024-3033). with similar appearance  with dissimilar appearance
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Hypothesis: Keeping the topology of 3D medical images will enhance the correspondence discovery
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Representation

» Advances the learning of inter-image similarity in 3D medical image SSP pushing the representability

of pre-trained models;
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CONTRIBUTION:

GEOMETRIC VISUAL SIMILARITY LEARNING
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Correspondence discovery based on topology

Clustering effect

» Propose the Geometric Visual Similarity Learning (GVSL) that embeds the prior of topological
iInvariance into the correspondence learning;

» Present a novel SSP head, Z-Matching head, for simultaneously powerful global and local

representation via GVSL.




METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING | F ';,;'
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Two 3D images




METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING
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Augmentation for feature diversity




METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING | F ';,:F'
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Network v

Feature extraction via two shared-weight networks
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METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING
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METHODOLOGY:

Network v

Global feature f %
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Deform one image to the other

GEOMETRIC VISUAL SIMILARITY LEARNING
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METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING FFE
Network &v; Z-Matching head g;
e E - " Transformed
1 . Global feature %  Affine Gg %mooth image Xas
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Train their alignment




METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING
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» Smooth loss on correspondence indexes for
topological preservation; Image Xa
» Similarity loss inter-images for correspondence. v
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METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING
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METHODOLOGY:

GEOMETRIC VISUAL SIMILARITY LEARNING
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METHODOLOGY (INTUITIONS):

GEOMETRIC VISUAL SIMILARITY LEARNING

)

}

¥

e
fi

Z- Matchmg head g:
41)"1 e Qe

o I =
=4 3 =3
A2 E
R & =3 L3
o ©

quormable G

Transformed
mage x4 p

El .
“
L l g MO
), DIF yiay :

Imagg vz
B

mage x,

> Implicitly embed a topology manifold

Inner the iImages into the measur

process, and measure the similarity on

this topology manifold.

ent




METHODOLOGY:

Z-MATCHING HEAD
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» Affine head: global visual similaf"rty and

alignment for global representation®.
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> Deformable head: local visual similarity.

and alignment for dense representation
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Global |. Affine head _4 () for global visual similarity
feature f 9
A } Global
Global predictor T, %Rooth
feature f 9% Concatenated f*as .. Affine matrix Vs
‘‘‘‘‘‘‘ tchmg [
[ . ‘Global a
poce! A, i
feature f 's
Dense
| predictor i |
Local g S
Deformable ma
feature f s Concatenated f 'xg P e

I1. Deformable head 7( ) for local visual similarity



METHODOLOGY:

SELF-RESTORATION FOR WARM-UP
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O Heart structures on CT (SHC)
rgn g > Segmentation O Coronary artery on CT (SAC)
/ O Brain tissues on MR (SBM)
=) H » Classification O COVID-19 on CT (CCC)
Image Xa
Inner-kscene Inter-scene

SHC
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N Pretrain dataset:
W 302 CCTA images




EXPERIMENT:

LINEAR AND FINE-TUNING EVALUATION

Pre-training

a) Linear: powerful representation

b) Fine-tuning: great transferring

SHCpscw  SACpscy  CCCaucy% | SBMpscw | SHCpscw  SACpscw  CCCavcw | SBMbpscoy
Inner scene Inter scene Inner scene Inter scene
Scratch 21.9 10.0 52.7 56.4 87.8 80.4 74.4 89.7
Denosing [40] Slacig5) 9.3(—0.7) 213152 28.3(_28.1) 9U.5(+2.5) dU.5 (10.1) 13.0(11.2) 89.7
In-painting [30] 3234104 594 571144y | 25.0(—31.4) | 90426 803 (_o1) 79955 89.9(10.2)
Models Genesis [48] | 474,255 2251125 60477 | 449 115 | 903025 799 (05 807 63 89.4(_.3)
Rotation [23] 561(+‘342) 219(+1lg) 62.1(+9.4) 54.1(_2_3) 90.6(+2.8) 81.1(+0.7) 77.1(+2.7) 89.6(_0_1)
DeepCluster [2] 559043400 44 5. 57952y | 6751111y | 85424 805 01) 599145 | 891 g4
SimSiam [—]-] 565(4—‘346) 9.7(_0_3) 61-0(+8.3) 662(+98) 87.5(_0.3) 80.1 (—0.3) 73-6(—0.8) 89.8(+0_1)
BYOL [7] 46.9(+25_0) 8.6(_1_4) 53.7(+1'0) 52.7(_3_7) 88.6(+0.8) 80.7 (4+0.3) 76.5(+2,1) 89.5(_0_2)
SimCLR [3] 48-7(+26_8) 155(—}—55) 61.3(+8.6) 58.7(+2_3) 86.9 (—0.9) 79.9(_0_5) 74.3(_0.1) 89.3(_0_4)
w/0 Z-Matching 49. 14272y 2014110y 55.8(43.4) | 45.1(—11.3) | 8831105 81.2( 0.3 81.3( 6.9 89.7
w/o Fundament 4531234y 001000  58.8(16.4) 48.5(_7.9) 87.0(—0.8y 795 (—0.9) 76.6(122) 89.0(_0.7)
w/o Affine head 57.7(+‘35 K) 17.9(+7 9) 57.6(+4 9) 53.4(_3_0) 89.4{+1 6) 82.3{4_1 9) 79.8(+5 4) 89.8(+0_1)
Our GVSL (Whole) || 684, .55 28.7 187 608 c1) || 7991235 || 912134 813009 822 754 90.0,0.3)

» Powerful inner-scene transferring for both large and small structures




EXPERIMENT:

LINEAR AND FINE-TUNING EVALUATION

Pre-training

a) Linear: powerful representation

b) Fine-tuning: great transferring

SHCpscw  SACpscy  CCCaucy% | SBMpscw | SHCpscw  SACpscw  CCCavcw | SBMbpscoy
Inner scene Inter scene Inner scene Inter scene
Scratch 21.9 10.0 52.7 56.4 87.8 80.4 74.4 89.7
Denosing [40] 314495 9307 579452y | 283(Zas1) | 903125 805 (101) 7560419 89.7
In-painting [30] 3234104 594 571144y | 25.0(—31.4) | 90426 803 (_o1) 79955 89.9(10.2)
Models Genesis [48] | 474,255 2251125 60477 | 449 115 | 903025 799 (05 807 63 89.4(_.3)
Rotation [23] 561(+‘342) 219(+1lg) 62.1(+9.4) 54.1(_2_3) 90.6(+2.8) 81.1(+0.7) 77.1(+2.7) 89.6(_0_1)
DeepCluster [2] 559043400 44 5. 57952y | 6751111y | 85424 805 01) 599145 | 891 g4
SimSiam [—]-] 565(4—‘346) 9.7(_0_3) 61-O(+8.3) 662(+98) 87.5(_0.3) 80.1 (—0.3) 73-6(—0.8) 89.8(+0_1)
BYOL [7] 46.9(+25_0) 8.6(_1_4) 53.7(+1'0) 52.7(_3_7) 88.6(+0.8) 80.7 (4+0.3) 76.5(+2,1) 89.5(_0_2)
SimCLR [3] 48-7(+26_8) 155(—}—55) 61.3(+8.6) 58.7(+2_3) 86.9 (—0.9) 79.9(_0_5) 74.3(_0.1) 89.3(_0_4)
w/o Z-Matching 4911270y 2014110y 55.8(43.4) | 451113y | 883105  8l1.2(4108 813469 89.7
w/o Fundament 4531234y 001000  58.8(16.4) 48.5(_7.9) 87.0(—0.8y 795 (—0.9) 76.6(122) 89.0(_0.7)
w/o Affine head 577(+‘358) 179(+7q) 57.6(+4_9) 53.4(_3 0) 894(+16) 82.3(+1_9) 798(+54) 89.8(+n 1)
Our GVSL (Whole) | 684, .55 28.7 187 60851 || 799235 || 912(13.4) 813009 822 74 90.0,0.3)

> Effective inter-scene transferring, but is not significant in fine-tuning




EXPERIMENT:

)

LINEAR AND FINE-TUNING EVALUATION T?
Dense
Pre-training a) Linear: powerful representation. — — — 7 7 t: b) Fine:funing: great transferring
SHCpscy%  SACpscy . CCCarcw | SBMpscyg”| SHCpsyy  SACpscy =CCCaycw | SBMpscxn
Iuner Scene Inter scene. " _Inner scene | Inter scene
Scratch 21.9 10.0 52.7 56.4 87.8 80.4 74.4 89.7
Denosing [40] 514195 9.3(207) D1 F452) | 28.3(—28.1) | V3125 oV (1o1)  1I.0(11.9) 39.7
In-painting [30] 3234104 594 571144y | 25.0(—31.4) | 90426 803 (_o1) 79955 89.9(10.2)
Models Genesis [48] 47.4(+25_5) 22.5(+12_5) 60.4(+7'7) 44.9(_11.5) 90.3(4,25) 79.9 (—0.5) 80.7(+6,3) 89.4(_0_3)
Rotation [23] 56.1(+34_2) 21.9(+11_9) 62.1(+9.4) 54.1(_2_3) 90.6(+2.8) 81.1(+0.7) 77.1(+2.7) 89.6(_0_1)
DeepCluster [2] 559(+‘340) 4'4(—5.6) 579(+52) 67.5(+11.1) 85.4(_2.4) 80-5(+0,1) 59.9(_14.5) 89'1(—0.6)
SimSiam [—1] 565(—|—‘346) 9.7(_0_3) 61.0(+8.3) 662(+98) 87.5(_0.3) 80.1 (—0.3) 73-6(—0.8) 89.8(+0_1)
BYOL [7] 46.9(+25_0) 8.6(_1_4) 53.7(+1'0) 52.7(_3_7) 88.6(+0.8) 80.7 (4+0.3) 76.5(+2,1) 89.5(_0_2)
SimCLR [3] 48-7(+26_8) 15-5(+5.5) 61.3(+8.6) 58.7(+2_3) 86.9 (—0.9) 79.9(_0_5) 74.3(_0.1) 89.3(_0_4)
w/o Z—Matching 49.1(+27_2) 21.1(+11.1) 558(+'34) 45.1(_11_3) 88.3(+0_5) 81-2(+O.8) 81.3(+6_9) 89.7
w/o Fundament 4531234y 001000  58.8(16.4) 48.5(_7.9) 87.0(—0.8) 795 (—0.9) T6.6( 122 89.0(_0.7)
w/o Affine head 57.7(4;35 R) 17.9(+7 9) 57.6(+4 9) 53.4(_3 0) 89.4{+1 6) 82.3{4_1 9) 79.8(+5 ) 89.8(+n 1)
Our GVSL (Whole) || 684, 155 28.7 57| | 608 51)| [ |799 235 | 191213490 8130 0.0 | | 82.2( 75 90.0,0.3)
Global

» Superiority in global and dense prediction tasks



EXPERIMENT

ABLATION STUDY

Pre-training

a) Linear: powerful representation

b) Fine-tuning: great transferring

SHCpscw  SACpscy  CCCaucy% | SBMpscw | SHCpscw  SACpscw  CCCavcw | SBMbpscoy
Inner scene Inter scene Inner scene Inter scene

Scratch 21.9 10.0 52.7 56.4 87.8 80.4 74.4 89.7

Denosing [40] 314495 930 579452y | 283(_as1) | 903125 805 (101) 7560419 89.7
In-painting [30] 3234104 594 571144y | 25.0(—31.4) | 90426 803 (_o1) 79955 89.9(10.2)
Models Genesis [48] | 474,255 2251125 60477 | 449 115 | 903025 799 (05 807 63 89.4(_.3)
Rotation [23] 56.1(4342) 21.9(4111.9) 621494 54123y | 90.6(128  8lLlio7 77112 89.6(—0.1)
DeepCluster [2] 559043400 44 5. 579452) | 67.5111) | 85424 805001 599145 | 89.1(_q
SimSiam [—]-] 56-5(4—34.6) 9.7(_0_3) 610(+83) 662(+98) 87.5(_0.3) 80.1 (—0.3) 73-6(—0.8) 89.8(+0_1)
BYOL [7] 46.9(4,25‘0) 8.6(_1_4) 53.7(+1'0) 52.7(_3_7) 88.6(+0.8) 80.7 (4+0.3) 76.5(+2,1) 89.5(_0_2)
SimCLR [3] 487 ooy 155 o, 613, 0o | 587, o0 | 869 oo 799 oo 743, o4, | 893, o

w/o Z-Matching 4911270y 2014110y 55.8(43.4) | 451113y | 883105  8l1.2(4108 813469 89.7
w/o Fundament 4531234y 001000  58.8(16.4) 48.5(_7.9) 87.0(—0.8y 795 (—0.9) 76.6(122) 89.0(_0.7)
w/o Affine head 57-7(+35.8) 179(+TQ) 57.6(+4.9) 53.4(_3_0) 894(+16) 82.3(+1_9) 798(+54) 89.8(+0_1)
Our GVSL (Whole)|| 684, .55 28.7 1870 608 c1) | 799235 | 92,34 813,009 822 74 90.0,0.3)

» When only learning the GM (Z-Matching), its initial weak representability makes the pre-trained model have
inefficient optimization and brings poor representation
» When adding the fundamental task, our GVSL has better performance than the single two sub-pretext tasks
on all four downstream tasks.
» When removing the Affine head in the Z-Matching head, it reduces 3.2% and 2.4% AUC in the linear and fine-
tuning evaluations of CCC task due to the lack of global representation learning.




EXPERIMENT:

ABLATION STUDY | FTE

Random initialization Fundament: Self-Restoration Z-Matching only Our GVSL
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»> Pre-trained models in the SHC task demonstrate our GVSL’s promotion
for the clustering effect.



ks

);

e
iy

1.0
Mmctficient GM (Z-Matching only) learning

0.8 1
n
= » The self-restoration learns a basic
506 . . .
> / representation for visual semantic
= Efficient GM learning with self-restoration : . :
04 regions, thus driving the learning
-
E of inter-image similarity in our GM.

0.2 — Z-Matching only

== Qur GVSL (Z-Matching+ Self-Restoration)
0

0 25 50 7'53 100 125 150 175 200
X10~ Iterations



DISCUSSION AND CONCLUSION
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» Conclusion of method: Geometric Visual Similarity Learning based on the
topological invariance of 3D medical images is a powerful prior for the
representation pre-training of inter-image similarity;

» Future work: Expand the learning of inter-image similarity to some images
without topological invariance, i.e., whole slide imaging.
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