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But people don’t just walk, they live.
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From Gait to Daily Activities
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Challenges in Current Multimodal Models
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Our Approach
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DisenQ Framework
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NTU RGB-AB PKU MMD-AB Charades-AB

Methods Venue Same Cross Same Cross Same Cross

R@1 mAP R@l mAP | R@l mAP R@l mAP | R@l mAP R@1 mAP
Models with only visual modality
TSF [28] AAAI 20 71.8 318 678 269 | 764 375 716 332 | 354 21.9 302 19.0
VKD [44] ECCV 20 674 356 663 315 | 784 385 722 343 | 363 20.7 319 188
BiCnet-TKS [25] CVPR 21 727 345 69.1 302 | 80.8 385 771 333 | 403 273 383 233
PSTA [51] ICCV 21 674 348 651 314 | 774 504 724 474 | 429 283 387 248
STMN [15] ICCV 21 73.0 351 702 301 | 766 479 715 422 | 38.7 245 339 208
SINet [6] CVPR 22 69.4 30.7 662 278 | 796 40.8 741 26.2 | 40.3 269 373 219
CAL [19] CVPR 22 73.8 284 703 240 | 81.3 494 783 43.4 | 43.8 258 40.1 21.2
Video-CAL [19] CVPR 22 75.5 399 733 31.7 | 796 494 773 45.7 | 439 285 415 258
PSTR [7] CVPR 22 69.1 341 683 325 | 84.3 475 780 41.2 | 372 247 351 203
AIM [55] CVPR 23 714 354 728 30.2 | 825 489 792 449 | 40.1 283 356 26.7
SCNet [20] ACMMM?23 | 69.9 315 688 263 | 795 436 739 39.7 | 31.7 219 274 176
ABNet [3] CVPR 24 788 403 770 376 | 86.8 573 814 51.8 | 45.8 31.6 448 28.8
Models with visual + language modality
CLIPReID [32]1  AAAI23 771 402 752 337 | 823 521 812 50.8 | 442 31.3 421 27.7
CCLNet [10] ACMMM?23 | 75.2 36.1 743 33.1 | 832 514 80.1 475 | 421 293 388 234
TF-CLIP [58] AAAI 24 773 412 748 31.3 | 834 523 80.8 50.1 | 40.2 281 39.7 26.0
TVI-LFM [26] T NeurIPS 24 76.2 381 759 341 | 8.2 539 815 521 | 45.7 30.1 428 283
Instruct-ReID [22] ¥ CVPR 24 782 415 759 334 | 843 531 81.7 523 | 448 283 40.1 253
EVA-CLIP [40] % 712 351 601 o83 | 738 462 674 304 | 381 261 313 218
Ours 82.2 438 809 413 | 89.2 593 841 569 | 499 348 484 325
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Generalization Ability
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Methods Venue R@l R@5 mAP
Models with only visual modality

Attn-CL [43] AAAI 20 421 56.0 18.6
Attn-CL + rerank [43] AAAI20 46.5 59.8 259
AP3D [18] ECCV 20 39.0 56.0 159
TCLNet [24] ECCV 20 48.1 60.1 23.0
BiCnet-TKS [25] CVPR 21 19.0 35.1 6.3
STMN [14] ICCV 21 31.0 544 11.3
PSTA [51] ICCV 21 46.9 60.8 21.2
PiT [59] TII 22 34.2 554 13.6
CAL [19] CVPR 23 52.5 66.5 27.1
ShARCc [62] WACV 24 2095 703 29.6
ABNet [3] T CVPR 24 58.3 684 30.1
Models with visual + language modality

CLIP RelD [32] } AAAI 23 51.2 64.2 283
CCLNet [10] T ACMMM?23 | 50.8 60.3 27.1
TVI-LFM [26] T NeurIPS 24 49.2 61.8 23.7
Instruct-RelD [22] CVPR 24 53.8 59.4 284
EVA-CLIP [49] T 53.1 59.2 26.9

I Ours 60.7 703 304 I
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Ablation Studies
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