YE Berl (616 King Abdullah University of ‘))),
j y Y

Science and Technolo =
UNIVERSITY OF CALIFORNIA gy %

Re?TAL: Rewiring Pretrained Video Backbones for
Reversible Temporal Action Localization

b
Chen Zhao Shuming Liu Karttikeya Mangalam Bernard Ghanem
KAUST KAUST UC Berkeley KAUST

Poster Session WED-AM-230, CVPR 2023



Background

Localizer

i f

Backbone

End




Propose: Re?’TAL

Residual modules

Y
% 0:y3
a2 ,l\ + OO
Rewiring X——| Tt =& F2 =@ 3 —O—x
pas




Propose: Re?’TAL

Resversible modules

GPU
~ memory |

XO—> F1 :C) = 2 —»@——» TS —»CD—»XS
XO
Forward process
___________________ »
Input Reversible Network Output
e e e mm mm o Ee o Em Ee e Ee o Em e Em o Em om0
Reverse process
__ s P -~



Be]:' I <ele King Abdullah University of
Science and Technology '\\Q—

UNIVERSITY OF CALIFORNIA

Background and motivation

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Temporal Action Localization Faces Memory Shortage

® Temporal action localization (TAL)
Action: Long Jump

TStart: 109 s TEnd: 116s
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Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Temporal Action Localization Faces Memory Shortage

Ideal Reality
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Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, “Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.
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Temporal Action Localization Faces Memory Shortage Wy

Can we use less memory for end-to-end training?

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, “Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Reversible Networks Use Less Memory
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[1] Reversible vision transformers, CVPR’22
[2] The reversible residual network: Backpropagation without storing activation, NeurlPS’17
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Proposed Re?TAL

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Proposed Re’TAL
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Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Proposed Re’TAL

Network of residual modules
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Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Proposed Re’TAL
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Re’TAL End-to-end Training

@ Prepare a video model with pretrained parameters
“=ul  Rewire the residual connection in the video model as proposed
F
Load the pretrained parameters into the rewired model

@ Finetune for several epochs on the pretraining task

@or&i Ready for use for TAL (and other tasks)

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.
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Experimental Results

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Experiments: Compared to Non-reversible TAL

® Memory consumption is reduced
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® Accuracy is preserved
Average mAP (%)

Model | Tiny Small Base [Model | 50 101 152
Vswin |34.36 33.86 34.47 | Slowfast |34.60 35.04 34.61
Re?Vw | 34.47 34.04 34.09 | Re?Slowf | 34.93 35.24 34.54

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Experiments: Compared to Other Methods on TAL

mAPs (%) at tloU thresholds / /

ActivityNet-v1.3 THUMOS-14

Sethed Backbone  E2E Flow | Mem 57505 Avg Y 03 04 0.5 06 07

= TAL-Net [*] 13D X /| - [3823 1830 1.30] 2022|532 485 42.8 338 208
New SOTA BMN [36] TSN X v/ | - 5007 3478 829 33.85|56.0 47.4 38.8 29.7 205
G-TAD [69] TSN X v/ | - 5036 3460 9.02|34.09|545 47.6 402 308 23.4

TSI[41] TSN X v | - |5118 3502 659]34.15[61.0 52.1 426 332 224

BC-GNN [] TSN X v/ | - |5056 3475 937|3426|57.1 49.1 404 312 23.1

VSGN [77] TSN X v | - |5238 3601 837|3507|667 604 524 41.0 304

ActionFormer [71] 13D X v | - |5350 3620 8203560[82.1 77.8 71.0 594 439

°® PBRNet [39] 13D vV v/ | - [5396 3497 898|35.01|585 546 513 418 295
Improves AFSD [37] 3D vV v/ | 12 [5240 3530 6.50|34.40|673 624 555 437 311
over feature- R E3p C3D X - 2680 - - - 448 356 289 | - -
based training  paoTAD [63] 13D v x| 11| - - | - le28 - |38 - 301
TALLFormer [10] VSwin-Base v X | 29 |54.10 3620 7.90|35.60/760 - | 632 | - 345
[ActionFormer 711 VSwin-Tiny X X | - |53.83 3582 7.27]| 35.17|708 64.7| 55.7 |422 27.0]
ActionFormer + Re®TAL | Re?VSwin-Tiny X | 24 [5475 37.81 9.03 | 36.80[77.0 71.5| 62.4 [49.7 36.3

ActionFormer [/ 1] Slowfast-101 X X | - |53.98 37.00 8.87|36.09]72.7 669 58.6 1464 33.1
[ActionFormer+Re2TAL Re’Slowfast-101 v X | 6.8 |55.25 37.86 9.05] 37.01}77.4 72.6{ 64.9 J53.7 39.0]

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.
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Conclusions

Chen Zhao, Shuming Liu, Karttikeya Mangalam, Bernard Ghanem, "Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.




Conclusions
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"Re?TAL: Rewiring Pretrained Video Backbones for Reversible Temporal Action Localization”, CVPR’23.
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