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» Comparison on five datasets under various noise rates
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DCCAE (ICML’15) 34.6 39.0 19.7 458 68.6 37.7 15.6 244 44 420 203 8.5 475 17.1 37.6 37.1 339 21.6
BMVC (TPAMI'18) 40.5 41.2 24.1 50.1 724 339 253 286 114 424 219 15.1 36.0 21.0 16.5 38.9 37.0 20.2
PVC (NeurlPS’20) 38.0 39.8 21.1 20.5 514 15.7 16.8 252 56 44.1 27.1 27.1 193 7.7 3.8 27.7 30.2 147
MVCLN (CVPR’21) 37.9 423 25.6 39.6 65.3 32.8 26.1 30.7 12.5 38.8 42.1 25.2 54.1 383 35.7 39.3 43.7 26.4
0%  SURE (TPAMI'23) 41.0 43.2 25.0 43.8 70.1 29.5 25.1 28.3 109 49.1 299 23.6 574 448 38.3 433 433 255
GCFAgg (CVPR’23) 42.2 425 244 56.6 80.7 379 27.5 31.3 14.0 344 238 105 41.1 32.1 18.6 404 42.1 21.1
CGCN (TCSVT’24) 429 434 25.0 49.1 75.2 33.8 28.8 36.0 15.0 45.8 27.0 22.3 61.2 48.1 41.2 45.6 459 27.5
DIVIDE (AAAI'24) 49.1 48.7 31.6 62.2 83.0 50.5 32.3 39.7 18.1 59.3 39.5 29.0 45.1 309 194 49.6 48.4 29.7
CANDY (Ours) 42.0 41.6 24.7 67.3 83.8 60.0 30.6 36.5 16.2 57.7 30.8 37.1 62.1 49.0 37.0 51.9 48.3 35.0

DCCAE (ICML’15) 329 17.1 29.6 369 392 60.1 150 3.8 17.4 416 13.1 193 41.6 11.6 269 33.6 17.0 30.7
BMVC (TPAMI'18) 20.0 10.2 4.7 4277 582 246 16.1 13.0 43 364 119 8.1 277 107 7.7 28.6 208 9.9

 However, on the one hand, some of the positive pairs are not
PVC (NeurlPS’20) 31.2 255 13.6 83 302 3.8 228 28.0 84 324 154 153 343 222 13.6 25.8 24.3 10.9

CorreCtly aSSOCIated’ Ieadlng to the false pOSItlve prObIem . Our methOd IS Composed Of tWO mOdU|eS the ConteXt_based MVCLN (CVPR’21) 39.3 36.7 21.7 43.3 64.0 52.8 24.4 26.1 10.8 379 359 203 425 293 21.3 37.5 384 254

* On'the other hand, some within-class samples are wrongly semantic mining (CSM) and spectral-based correspondence T GCEAgs (CVPR'ZY) 409 36 227 S0.1 706 301 257 278 115 352 190 108 36 233 156 381 399 182
treated as negative, causing the false negative problem.

CGCN (TCSVT 24) 40.7 38.0 22.1 40.8 64.9 27.2 27.0 31.4 13.3 43.5 23.0 19.4 58.0 41.7 359 42.0 39.8 23.6
dGﬂOISIﬂg (SCD) Wlth these tWO mOdU|ES We Caﬂ Construct DIVIDE (AAAT’'24) 42.4 39.9 24.5 48.3 69.1 38.0 30.9 35.1 16.2 55.3 36.9 31.0 449 283 18.2 444 419 256
robust pseudo targets for contrastive learning.

Observations & Motivations
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Dual Noisy Correspondence Problem: Vanilla contrastive
learning uses off-the-shelf pairs as positive, and randomly
chooses samples across views as negative.
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CANDY (Ours) 40.4 40.3 23.7 65.9 82.3 60.1 30.5 35.3 15.7 542 279 33.8 60.3 47.1 369 50.3 46.6 34.0

DCCAE (ICML’15) 26.8 10.2 19.8 27.0 26.8 49.8 13.3 2.8 132 377 9.2 125 323 7.1 135 274 11.2 21.8
BMVC (TPAMI'18) 13.6 39 14 265 342 89 135 75 19 266 33 23 184 3.1 19 19.7 104 33
PVC (NeurlPS’20) 203 102 13.6 74 21.8 5.0 20.6 285 8.7 429 235 234 241 10.1 99 23.1 18.8 12.1

vi v2

View 1

' 1+ Pour the no-bake
' 1 cheesecake over the

Vo .
1 1 Arrange the strawberries :
1 1 cookies '

It's a tense moment

@ 5:54 6:54 9:44 10:43

v

Demonstration of the Dual Noisy Correspondence. Taken from YouCook2 Dataset.

The CSM module formulates the context representation of each
sample by considering cross-modal high-order neighborhood
Information.
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Context-based Semantic Mining

Mathematically, we obtain the similarity graph of the features by
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> Visualization on the Robustness

Our key idea is alleviating dual noisy correspondence problem 5 0] e i Falss it 3001 Faiee e

by increasing similarities of false negatives and decreasing A!E;’l_”"z) —exp [ — || [Z(’”l)] - [Z(’”E)} 1 /o),

similarities of false positives. Our method uses the semantic- ' J o,

based method to identify and rectify false negative correlations, And compose the similarity graph as o o

and uses the spectral-based method to denoise false positive T S S S VR
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correlations (a) Warmup only (b) Ours (50 epochs) (¢) Ours (Converged)

Highlights & Contributions

The SCD module leverages singular value decomposition to
alleviate the false positives in the sample.
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Confidence for the True Positive and False Positive using our method.

» Visualization of the pseudo target
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* We introduce a new challenge in contrastive multi-view clustering :
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called dual noisy correspondence (DNC), which deals with noise In vi > vi
o _ _ _ False Positive False Positive
both positive and negative cross-view pairs. — v — V4
_ Similar Dissimilar
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Spectral-based Correspondence Denoising oW w0 wo wo o o o w0 o B
(CANDY), a robust method to counter DNC in contrastive multiview (2) Warmup Only ~ (b) DIVIDE [28]  (c) Ours w/o SCD (d) Ours (e) Ground Truth

clustering, 1) treating affinity as context to identify false negatives,
and 2) denoising on high-order affinity graphs to alleviate false
positives.

We use singular value decomposition to obtain the
eigenvalues and eigenvectors.

G~ —Ugxnv’, X =diag(A, Ay, An)

and remove eigenvectors whose eigenvalue is below a certain
threshold.

3 = diag(Aq, ...,

Contact

Code is available at:
https://github.com/XLearning-SCU/2024-NeurIPS-CANDY
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