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1). Video Segmentation Module

* Transforms each video frame into action labels.
2). Fine-grained Text Generator
« Transforms each video frame into fine-grained texts.
3). Multi-modal Action Anticipation Module
« Aligns RGB with Text modality and anticipate next actions.
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Hierarchical Decomposition of Video
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Results (Evaluation Metric: Mean of Classes)

Wash dishes?

Dataset Methods a=0.2 a=0.3

a  Methods p(0.1)  p(0.2) p(0.3)  p(0.5)

Add flour? B0.1)  B(02) B(O3) B(OS5)  BOI)  BO2) B(0.3) (0.5
- \ 0.1 FUTR 2426 2425 2474  23.46
Get a cup? Breakfast  RNN 1811 1720 1594 1581 2164 2002 1973  19.21 AEET 20 25 7313 73 63 23 49
. / CNN 1790 1635 1537 1454 2244 2012 1969  18.76 ours 26.53 25 82 25 08 2471
| | | | FUTR 4706 4708 4711 4711 6555 6555 6554  65.51 09 FUTR 25 05 TRL 24 48 23 18
Amblguous Video Multlple Plausible futures GTD 4986 4975 4965 4958 6500 6439 6395  63.79 AFFT 2314 YRT >3 69 21 07
ours 50.55 50.53 50.52 50.56 66.49 66.53 66.63 66.68 ours ot 7 25 70 54 4 >3 19
3. Ambiguity increases uncertainty of future actions 50Salads RNN  30.06 2543 1874 1349 3077 1719 1479  09.77 03 TR 40'71 33'57 33'42 30'79
CNN 2124 1903 1598 09.87 2914 2014  17.46  10.86 ' ' ' ' '
FUTR 5483 5433 5245 51.03 100.00 100.00 9862  53.00 AFFT 33.82 29.25 28.33 2545
Ours 69.61 69.27 69.73 4835 100.00 9988 98.70  39.61 Ours 42.00 34.71 34.49 31.34

1. Multi-level:

. . . . A Comparison with the State-of-the-arts across 3 Different Human Activity Datasets
Hierarchical Decomposition of Video

Dataset Methods Observation Rate () Dataset Methods Observation Rate (Input)
0.1 0.2 0.3 0.4 0.1 0.2 0.3 0.4
Breakfast w/o multi-level modeling 25.51 4710 65.54 68.24 Breakfast Uni-modal 26.86 47.21 62.43 66.64
w/ multi-level modeling 30.05 50.54 66.59 67.20 Multi-modal 30.05 50.54 66.59 67.20
50Salads w/o multi-level modeling 31.25 53.16 87.91 68.80 50Salads Uni-modal 29.76 53.76 90.92 7/3.92
w/ multi-level modeling 39.33 64.24 8455 79.82 Multi-modal 39.33 64.24 84.55 79.82
N \f DARai  w/o multi-level modeling 24.18 2445 34.63 34.16 DARai Uni-modal 25.87 22.02 28.92 27.08
o w/ multi-level modeling  25.76 24.70 35.64 38.36 Multi-modal 25.76 24.70 35.64 38.36
"Add coffee”

“Pour water” “Pour water”

A Multi-modal Modeling

a: Observation Rate
(: Prediction Rate

A Hierarchical (Multi-level) Modeling

2. Multi-modal: Generate fine-grained texts
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