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« Contrastive Learning
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* Simsiam
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*  LOOC (Leave-One-Out Contrastive Learning)

> 7|Z& contrastive learningdt E2| augmentation2 £ 2ot HE Q0L Zatst=

[

representation f&

\ : ,’,""\\ .

3 = 7 \ 7T i S

[ =S ] ’ 1 e NS o s S
- e ol e
/ ’l |‘ /I 4 et ‘| II 4 "
\ S = i = 1

i \ oL

0, w i DI T o

b | 5 B B A d

) ) general rotation-variant '~ _ P2 1. 0
random rotation | N | — embedding space V' embedding space Z; "™~ AN \_{ 1
color jitter ko h h -
\

rotation color L — TS I \‘\

\ S &
(q‘ kO) * # \ ‘: \\\ Il\ \‘
2 \
T ; B o) g

(qr 1) = \{%kOyklka}, U ’w\ 1,7~ 0
f . ! N [N <1 [CRTA positive
@ky) * = | — all-invariant™ NS color-variant . N, & b -« .
embedding space Z, Seal-- i embedding space Z,>STed ~o__.-7 {_): negative
KOREA

UNIVERSITY 22



Methods

% Contrastive Learning Methods
*  LOOC (Leave-One-Out Contrastive Learning)
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*  LOOC (Leave-One-Out Contrastive Learning)
» Loss Function
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*  LOOC (Leave-One-Out Contrastive Learning)
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¢ Conclusion

e Simsiam & MoCo v2

batch negative momentum

method s pairs S——— 100ep 200ep 400ep 800ep
SimCLR (repro.+) 4096 v 66.5 68.3 69.8 70.4
MoCo v2 (repro.+) 256 v v 67.4 69.9 71.0 122
BYOL (repro.) 4096 v 66.5 70.6 73.2 74.3
SwAV (repro.+) 4096 66.5 69.1 70.7 71.8
SimSiam 256 68.1 70.0 70.8 71.3

VOC 07 detection VOC 07+12 detection COCO detection COCO instance seg.
pre-train APs; AP  APj;s | APsy AP AP;s | APsy AP APjs | APmask ppmask ppmask
scratch 359 168 130 | 602 338 33.1 | 4.0 264 278 | 469 293 308
ImageNet supervised| 74.4 424 427 | 813 535 588 | 582 382 412 | 547 333 352
SimCLR (repro.+) 759 468 501 | 818 555 614 | 577 379 409 | 546 333 353
MoCo v2 (repro.+) 771 485 525 823 570 633 588 392 425 555 343 36.6
BYOL (repro.) 711 470 499 | 814 553 61.1 | 5/.8 379 409 | 543 332 350
SwAV (repro.+) 735 46.5 49.6 81.5 554 614 57.6 37.6 40.3 54.2 30l 351
SimSiam, base 755 47.0 502 | 82.0 564 628 | 575 379 409 | 542 332 352
SimSiam, optimal 71.3 48.5 52.5 824 57.0 63.7 59.3 39.2 42.1 56.0 344 36.7
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*  LOOC (Leave-One-Out Contrastive Learning)

Table 1: Classification accuracy on 4-class rotation and IN-100 under linear evaluation protocol.
Adding rotation augmentation into baseline MoCo significantly reduces its capacity to classify rota-
tion angles while downgrades its performance on IN-100. In contrast, our method better leverages

the information gain of the new augmentation. L, SR e 48F 2R
oo Rotation IN-100
Acc. top-1  top-5
Supervised 25 83.7 95.7
MoCo 61.1 81.0 9052 |
MoCo + Rotation 433 79.4 04.1
MoCo + Rotation (same for ¢ and k) 45.5 78.1 94.3
LooC + Rotation [ours] 65.2 80.2 95.5

-> BFYEl augmentation®21 ZEHI} 7/ZE contrastive learning8l ZL £AElE S

ET]

-> H1H |ooCE augmentationOf [f2} H18}= X H & Z3t3fad Ol HE2 29/
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*  LOOC (Leave-One-Out Contrastive Learning)

Table 3: Evaluation on datasets of real-world corruptions. Rotation augmentation is beneficial
for ON-13, and texture augmentation if beneficial for IN-C-100.

Aug. ON-13 IN-C-100 (top-1) IN-100
model | pot Tex. |top-1 top-5 | Noise Blur Weather Digital All | d>3 |top-1 top-5
Supervised 309 548 | 284 47.1 449 585 472 | 365 | 837 957
MoCo 202 542 | 379 385 477 601 482 | 372 | 810 952
LooC v 342 59.6 | 31.3 33.1 424 549 427 | 318 [ 802 955

v 301 541 | 424 396 540 619 513 419 | 81.0 94.7
v v |333 592 | 370 352 50.2 569 46.5 372 | 794 943
v v 1326 573 383 376 520 600 48.8 389 | 821 9.l

LooC++

-> =2 0fA Hotol= BIEE 0] J/E SIEEHLf noised LY BF robustness’t 2= &9/
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*  LOOC (Leave-One-Out Contrastive Learning)
Table 5: Comparisons of concatenating features from different embedding spaces in LooC++

jointly trained on color, rotation and texture augmentations. Different downstream tasks show non-
identical preferences for augmentation-dependent or invariant representations.

Node Variance Head IN-100 iNat-1k Flowers-102 IN-C-100
Col. Rot. Tex. |top-1 top-5 |top-1 top-5 5-shot 10-shot all-top-1
LooC++ 78.5 943|385 64.7 |[68.6(+0.6) 77.6 (£ 0.1) 48.0
v 79.7 9441429 68.7 |69.1(+0.7) 79.5 (% 0.2) 47.1
v 81.5 9491414 674 (70.5(+0.6) 80.0 (% 0.2) 52.6
v | 80.3 949 |43.0 68.6 |170.4 (£ 0.5 80.5(+0.2) 44.1
v v v | 822 953459 714 |71.0(x0.7) 81.9(£0.3) 48.0

ZF9/ headE concatenate A|Z/
o

xoo
S= 2o/

KOREA “

UNIVERSITY



Conclusion

% Summary
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« Contrastive learning?Q| CtAot Method”7F A 2tE[11 &, (SImCLR, MoCo(v18&v2), Simsiam, Looc)

« Downstream task0f| St= EZ = HHZE AIES= A0| RO ZE HEF FTQSHAH HFE|OOF &
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