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The overview of our proposed Cross-Modal Generalization (CMG) tasks.
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Approach

Dual Cross-modal Information Disentangling (DCID)
Multi-Modal Exponential Moving Average (MM-EMA)
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The overview of our proposed framework: Uni-Code
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Approach: Dual Cross-modal Information Disentangling
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MI minimization with CLUB

. 1 Y

hawn =y - [ Zlogqe<zm|z> 7 S log (@ )], me {a,b)

MI maximization with Cross-CPC

exp(zy, Wi cf) b2 1 exp(zf,, Wicy)
LZ%’; = log[ Lini ]; L2% = — — log[ ]
e K Z D0z, €TP(2 z'Wicy) Z )

7 N\
| (a) Unified Codebook
. Acs Az Aui A A Az Aus
| VideoVQ AudioVQ | _ 7a 7a 7a EREde
. - e B e t+1 t+2 t+3
mwwu el : : feu [eu [eu [oa] - [ai]
f Autoregressive Model
v Multi-Modal e v
__ Visual Feature i Vector Quantization Audio Feature Zg'_s B Zg'_z B 2?-_1 » Zg' e Predict
Reconstruction Reconstruction oy St
s ] 4 '
i Mutual Information Mutual Information : ;
R Zon . > Minimization 4:’ Cross-CPC " Minimization | Revon = A~ A ”
$oss i | : Loss Zg_3 Zg_z Zl»'_l Zg 3 "-4,.'I’red|ct
‘ Visual-Specific Visual-Semantic Audio Semantic Audio-Specific 4 q s i 2
Encoder Encoder Encoder Encoder AUtOFegFESSIVe MOdQ V v
v v v
B E E-E m m m O mem ] 4 e 77,
Visual Backbone Audio Backbone VldeE: :::;arnhc
SSEREEEEE===CHEENR Vs Voo Vor v, Ve Vo Vs
—_ ===




Approach: Multi-modal Exponential Moving Average

We use Cross-Attention to extract related information from the opposite modality:
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Experiments

Pre-train tasks:

> Audio-Visual
» Audio-Visual-Text

Downstream tasks:

» Cross-modal event classification

» Cross-modal event localization

» Cross both modal and dataset localization/classification
» Cross-modal video segmentation

» Cross-modal retrieval



Cross-modal Event Classification & Localization Tasks:

Table 1: Compared with state-of-the-art methods on two downstream tasks. We use precision to
indict the performance of the models on AVE tasks, and use accuracy for AV VP tasks.

VGGsounds-AVEL 24K VGGsounds-AVEL 40K VGGsounds-AVEL 81K
Method AVE AVVP AVE AVVP AVE AVVP

V—-AA—-»V V—-5AA—-V V-SAA-V VoAA-SV VoAA—-SV VSAA-SY

Baseline 4.4 5.9 7.6 8.4 55 54 6.9 8.7 7.1 9.3 5.6 T2
S-Mit[43] 127 169 172 228 144 159 190 223 134 17.0 209 228
MSTI[13] 13.3 190 257 29.1 195 231 227 245 186 20.5 19.1 248
CODIS[16] 185 220 294 337 208 264 351 379 285 302 340 378
TURN]|20] 177 21.0 294 324 19.1 243 369 393 276 314 338 38.1
CMCM]17] 289 359 426 504 327 368 419 451 31.1 340 393 448
DCID+S-Mit  28.1 323 459 492 322 340 478 530 348 37.6 519 535
DCID+MST 312 350 50.7 521 349 378 544 591 335 354 571 592
DCID+TURN 294 353 534 560 297 369 552 582 319 368 562 609
DCID+CODIS 334 360 538 602 367 410 526 620 359 401 543 590
DCID+CMCM 34.1 388 576 608 364 429 587 628 388 414 575 605
Uni-Code 44.0 49.7 619 657 477 523 640 656 412 456 605 61.7




I Ablation Studies about our proposed modules:

Table 2: Ablation studies of audio-visual pre-training on AVE and AV VP tasks.

VGGsounds-AVEL 24K VGGsounds-AVEL 40K
CLUB Cross-CPC MM-EMA Resetcode L.pcm AVE AVVP AVE AVVP
V—-AA—-V Vo5AA-V V—oSAA—-SV VoA ASY

- v v v v 349 351 506 540 372 403 529 595
v - v v v 4.6 58 109 246 5.2 1 123 24.1
- - v v v 298 346 304 325 352 369 323 340
v v - v v 341 388 576 608 364 429 587 628
v v v - v 37.8 412 59.1 615 389 403 554 621
v v v v - 39.7 426 582 621 413 46.0 58.7 628
v v - - v 282 309 414 492 315 338 46.0 483
v v v v v 4.0 49.7 619 657 477 523 64.0 65.6

Table 3: Ablation studies of audio-visual-text pre-training on three downstream tasks.

VGGsounds-AVEL 40K
CLUB Cross-CPC MM-EMA Resetcode Lcnem AVE AVVP AVE—-AVVP UCF(v)<VGG(a)
V>AA->V V—-SAA-V VoSAASY V—>A A—>V

- v v v v 502 518 624 662 50.1 512 9.87 9.59
v - v v v 438 492 593 61.1 455 50.6 60.6 54.6
v v - v v 529 499 620 673 48.1 46.8 66.5 60.5
v v - - v 330 355 567 612 74 12.6 433 352
v v v - v 508 478 564 61.1 479 504 60.0 49.8
v v v v - 524 545 575 729 505 48.7 699 59.7
v v v v v 541 550 634 710 530 524 67.1 60.6

Evaluation results of the labeled modality 648 658 71.0 729 - - 80.0 85.4




Cross-modal video segmentation & Retrieval:
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Table 4: Performance on AVS-S4 datasets (pre-

trained on audio-visual-text modalities). Table 5: Performance of audio retrieval tasks
A2T T2A under cross modal generalization directions.
Methods
mloU F-score mloU F-score
Methods y2T T2V
Baseline 69.8 814 699 813 R@5 R@10 R@5 R@10
Our full model 78.0 871 77.7 86.7 Baseline 047 103 062 0.85
SST [49] (A2A) 60.3  80.1 } B} Our full model 10.3 21.9 847 16.7
AVS [48] (A2A) 787 879 - -
Text: The ambulance is driving and honking Text: These lions are roaring
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Figure 5: Visualization results of A2T (left) and T2A (right) of our model on AVS-S4 dataset. We
compare our method with the baseline model.
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