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ALBAR = “Guard of All”
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Biases in Video Action Recognition IN COMPUTER VISION

o Model should use mainly action-related information

Main Forms of Action Recognition Bias

e Background bias:

o Inferring action based on background cues

o Foreground bias:
o Inferring action based on foreground cues

o  Harmful if using demographic information (skin color, gender, etc.)

e Neither of these are solved problems!
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Background Bias Examples (UCF-101) IN COMPUTER VISION

Ground Truth: TennisSwing

Ground Truth: GolfSwing

(best viewed as video)

Model Prediction: GolfSwing

Background

v

Change

Model Prediction: HorseRiding

Background

Change

Model Prediction: HulaHoop
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Foreground Blas IN COMPUTER VISION

Powcast.con

Prediction: passing American football (in game)
GT: archery

Prediction: finger snapping
GT: playing guitar

Prediction: eating spaghetti

GT: playing violin
(best viewed as video)
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ALBAR framework N COMPUTER VISION

e Intuition: background/foreground biases are due to static spatial information

e Adversanal learning to mitigate biases
o Adversary: the same network predicting actions with a static (no motion) clip
s Cross-entropy of motion clip minus cross-entropy of static clip
o Two supplementary objectives to stabilize training:
m Static entropy maximization 10ss

m Static gradient penalty loss

e Learns high-quality temporal motion features by penalizing

spatial information usage



UCF

CENTER FOR RESEARCH

Framework Diagram IN COMPUTER VISION
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Framework Diagram IN COMPUTER VISION

shared
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Framework Diagram IN COMPUTER VISION

Sample Single Frame
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Framework Diagram IN COMPUTER VISION
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Overall Tralnlng ObJ ectlve IN COMPUTER VISION

e All that 1s required 1s two 1nput clips: one with motion, one with no motion

o One model, no bias labels/predictor networks

Loy = Lop(pt),y") = waanLop®;,y™)

C
L4 = Z b, log(p\")

Loy =11V uf( N

Combined Overall Objective: L‘,(Z) — ‘Cg,gv + Went X ‘cgv),t o wgp k L:gg


https://www.codecogs.com/eqnedit.php?latex=%5Cmathcal%7BL%7D%5E%7B(i)%7D%20%3D%20%5Cmathcal%7BL%7D%5E%7B(i)%7D_%7Badv%7D%20%2B%20%5Comega_%7Bent%7D*%5Cmathcal%7BL%7D%5E%7B(i)%7D_%7Bent%7D%20%2B%20%5Comega_%7Bgp%7D*%5Cmathcal%7BL%7D%5E%7B(i)%7D_%7Bgp%7D
https://www.codecogs.com/eqnedit.php?latex=%5Cmathcal%7BL%7D%5E%7B(i)%7D_%7Badv%7D%20%3D%20%5Cmathcal%7BL%7D_%7BCE%7D(%5Cmathbf%7Bp%7D%5E%7B(i)%7D_t%2C%20%5Cmathbf%7By%7D%5E%7B(i)%7D)%20-%20%5Comega_%7Badv%7D%5Cmathcal%7BL%7D_%7BCE%7D(%5Cmathbf%7B%5Cbar%7Bp%7D%7D%5E%7B(i)%7D_%7B%5Cbar%7Bt%7D%7D%2C%20%5Cmathbf%7By%7D%5E%7B(i)%7D)
https://www.codecogs.com/eqnedit.php?latex=%5Cmathcal%7BL%7D%5E%7B(i)%7D_%7B%5Ctext%7Bent%7D%7D%20%3D%20%5Csum_%7Bc%3D1%7D%5E%7BN_C%7D%20%5Cmathbf%7B%5Cbar%7Bp%7D%7D%5E%7B(i)%7D_%7B%5Cbar%7Bt%7D%2Cc%7D%20%5Clog(%5Cmathbf%7B%5Cbar%7Bp%7D%7D%5E%7B(i)%7D_%7B%5Cbar%7Bt%7D%2Cc%7D)
https://www.codecogs.com/eqnedit.php?latex=%5Cmathcal%7BL%7D%5E%7B(i)%7D_%7Bgp%7D%20%3D%20%7C%7C%5Cnabla_%7B%5Cmathbf%7B%5Cbar%7Bx%7D%7D%5E%7B(i)%7D_%7B%5Cbar%7Bt%7D%7D%7D%5Cmathcal%7BF%7D(%5Cmathbf%7B%5Cbar%7Bx%7D%7D%5E%7B(i)%7D_%7B%5Cbar%7Bt%7D%7D)%7C%7C_2
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Background/Foreground Bias Evaluation IN COMPUTER VISION

Original Video
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Background/Foreground Bias Evaluation IN COMPUTER VISION

. _ Static CUes in BAckground
Original Video SCUBA
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Background/Foreground Bias Evaluation IN COMPUTER VISION

o _ Static CUes in BAckground Static CUes in FOreground
Original Video SCUBA SCUFO

Select One
Frame
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Contlicting Foreground (ConflFQG) RYCEREMASV RS

Random SCUBA Video

[7] H. Li, Y. Liu, H. Zhang, and B. Li. Mitigating and evaluating static bias of action representations in the background and the foreground. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 19911-19923, 2023.
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Random SCUBA Video Different SCUFO Foreground
T

<=
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C OnﬂICtln g F ore ground (C OnﬂF G) IN COMPUTER VISION

Random SCUBA Video Different SCUFO Foreground Combined ConflFG Video
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HMDBS51 Main Results R o T Viaon
: OO0D
Augmentation 1D P
or Debiasing Avg Avg Confl- Contra.
SCUBA (1) SCUFO (/) FG () Acc. (1)

None 73.92 43.93 20.46 36.58 27.84




HMDB51 Main Results

UCF

CEMEEH FOR RESEARCH
IN COMPUTER VISION

: OO0D
Augme.ntgtlon D Ay A Confl. —
or Debiasing 5 Ve on ontra.
SCUBA (1) SCUFO () FG () Acc. (1)
None 73.92 43.93 20.46 36.58 27.84
Mixup [1] IcLR'18 74.58 43.10 21.17 36.62 26.09
VideoMix [2] arxiv'20 73.31 39.39 20.44 32.68 23.13
SDN [3] NeurIPs’19 74.66 40.02 20.22 34.87 22.88
BE [4] cvPr’21 74.31 43.56 19.96 35.99 27.84
ActorCutMix [5] cviu’23 74.05 46.79 22.07 36.97 28.12
FAME [6] cvPR’22 73.79 51.40 26.92 39.61 29.66
StillMix [7] iccv23 74.82 51.81 13.39 47.38 40.28
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: OO0D

Augme.ntgtlon D -

or Debiasing Avg Avg Confl Contra.
SCUBA (1) SCUFO (/) FG () Acc. (1)

None 73.92 43.93 20.46 36.58 27.84

Mixup [1] ICLR’18 74.58 43.10 21.17 36.62 26.09

VideoMix [2] arXiv'20 73.31 39.39 20.44 32.68 23.13

SDN [3] NeurIPs’19 74.66 40.02 20.22 34.87 22.88

BE [4] cvPr’21 74.31 43.56 19.96 35.99 27.84

ActorCutMix [5] cviu’23 74.05 46.79 22.07 36.97 28.12

FAME [6] cvPrR22 73.79 51.40 26.92 39.61 29.66

StillMix [7] iccv23 74.82 51.81 13.39 47.38 40.28

Ours 73.20 53.20 1°21.1% 0.42 .,98.0% 49.84 1°36.3% | 53.02 1°90.5%
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_ Modified
Augmentation Original
or Debiasing g Avg Avg Contra.
SCUBA (1) SCUFO () Acc. (1)
None 68.13 42.97 20.26 25.78
StillMix [7] iccv23 67.27 45.83 10.72 36.60
Ours 67.58 44.75 T"4.1% 0.11 .. 99.5%  44.74 |°73.6%

ALBAR works on larger Kinetics400



UCF101 Updated Protocol Results
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. 00D
Augmentation Original
or Debiasing g Avg Avg Confl- Contra.
SCUBA (1) SCUFO ({) FG (1) Acc. (1)
None 95.51 18.78 1.50 49.36 17.53
StillMix [7] iccv23 96.14 24.68 0.36 55.03 24.10
Ours 94.98 26.25 1°39.8% 0.14 [ 50.7% 54.02 1°9.4% | 26.23 1°49.6%
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Downstream Task Performance Results R o T Viaon
Method Action Recognition Anomaly Detection Temporal Action Localization
HMDB51 (OOD) UCF_Crime THUMOS14
Baseline 27.84 82.39 54.89
Ours 53.02 84.91 55.20

Reduced bias translates to improved performance across tasks!
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[2] S. Yun, S.J. Oh, B. Heo, D. Han, and J. Kim. Videomix: Rethinking data augmentation for video classification. arXiv preprint
arXiv:2012.03457, 2020.

[3]J. Choi, C. Gao, J. C. Messou, and J.-B. Huang. Why can’t 1 dance in the mall? learning to mitigate scene bias in action recognition.
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Thanks for listening!

Questions?
Webpage/Code:

: e 01
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