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Abstract  Predicting the future is an innate ability of mankind, which is also a significant step
towards artificial intelligence. In recent years, future action anticipation in videos has become a
research hotspot in the field of computer vision. It has important theoretical research significance,
as well as wide applications including security monitoring, autonomous driving, home service,
industrial assistance and virtual reality. In this paper, we provide a comprehensive overview of
future action anticipation in videos. We first define the research framework of future action antici-
pation in videos. Then we summarize the development history in which we focus on two main
paradigms, namely short-term action anticipation and long-term action anticipation. Then we
introduce the prevailing methods and techniques from different dimensions such as architectures,
modalities, learning strategies and predicted targets. Next, we briefly summarize the commonly

used datasets in this area, and provide the performance comparison and analysis of different methods
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on the mainstream datasets.

Finally, we prospect future research directions of future action

anticipation in videos, including extending the scale and diversity of existing datasets, shortening

the inference time of models and learning from data with few or without action annotations.
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EGTEA Gaze+[135] 2018  ENCGEM F—-AK  AHREA *’@E‘i%é;’i’ 28 86 106 10325
Something-Something-v2L1%) 2018 M. &I B AT AREIA A0 [ 45 T — 220847 174 10899
YouCook2137] 2018 ENCEM AR ARIA BRI & 176 2000 89 15400
Tasty Videos 2018  EHN(EML HB=EAH ARA o B A% - 2511 185 21243
EPIC-Tent[!38] 2019 =4 W AP HRA R AR R 5.4 24 12 921
A Il
[130] 2020 < 5 AR BOERY. 1111 100000 — 3
BDD100K £SO/ B ANFE HRIA T R T
EPIC-Kitchens-100L140] 2022 ENCEM  H— AR TRIA BOEGD & 100 700 4053 90000
Ego4 DIt 2022 EWNL.EA O OB AR LRIA REERD .S 3025 2527 110 226000




6 1 SRR T 45 AL AP A R R BN A 0 T 9T 25 3 1329
x5 HEETHMERE
LEIE S R DU 55 B2
KTH18] http://www. nada. kth. se/cvap/actions/
Hollywood2l!19] http://www. irisa. fr/vista/actions/hollywood2

UT-Interaction-2%]

TVHuman Interaction/2!]

ADL 122
GTEA Gazel123]

MPII-Cooking'?*]

UCF-1010125)
Breakfast/77]
50Salads! 26/
JHMDB27)
THUMOS-14128]
GTEA Gaze+[123]
ActivityNet-200012%]
Charadesl 30
TV Series131]
NTU RGB-D!32]
ActEV-VIRATL!33)

EPIC-Kitchens-554"

Charades-egol!31]

EGTEA Gaze+[13]

Something-Something-v2[136]

YouCook2137]
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