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Large-scale web videos have contributed significantly to recent progress in video analysis techniques.

At the

same time, the domain gap between web and unedited videos still limits vision-language applications to those
between text and edited videos. Ego vision datasets are actively collected to overcome such problems; as another
format of unedited videos, this paper provides a dataset with fixed-viewpoint unedited videos (FV videos). We can
effortlessly obtain F'V videos with commercial smartphones. We collected 145 videos, a total of 40 hours of footage,
in which participants prepare foods based on given recipes. We manually add action graphs that tie videos and
procedural texts while identifying the workflow of the process. In addition, we propose two benchmark tasks on
this dataset: online recipe retrieval (OnRR) and dense video captioning on FV videos (DVC-FV). Experimental
results demonstrated that recent SoOTA methods can not solve OnRR and DVC-FV trivially.
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Fgby b RRE|FEEM #2220 45T #BE G5 (h) F (m) HHiO x4 T PaN: iIOF IR
MMAC [§] 2008 |Cooking 1 1 32 8 15.0  action 130 action cls.
MPII [9] 2012 |Cooking 14 1 44 8 13.4  action 65 action cls.
50 salads [10] 2013 |Cooking 2 1 50 5 54  action 51 action cls.
Breakfast [11] 2014 |Cooking - 18 1,712 7 2.7 action 10 action cls.
IKEA ASM [12] 2021 |Furniture 4 5 371 35 5.7 action  noun+verb
Assembly101 [4] 2022 |Assembly 15 1 1,425 167 7.1 act./step 1,380 action cls./noun+verb
EgoExo04D [13] 2023 |Multiple 85 131 4,481 197 2.6 action  action cls. (fine/coarse)
COM Kitchens Ours |Cooking 139 70 145 40 16.6 step fine instructions
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Metrics

Task Meth
o ethod I pa1 Ras R@10 MdR
Feasible Random| 1.8 8.6 15.8 -
o UniVL [16]| 34 57 9.2 227.0
otape | CLIPACHD [17]| 0.0 0.0 10.3  79.0
emeval | x.cLp 18] 0.0 6.8 103 89.0
Recipe Random| 6.3 31.6 63.3 8.0
Stape UniVL [16]| 17.2 482 689 5.0
Retriival CLIPAClp [17]| 6.8 48.2 68.9 5.0
X-CLIP [18]| 10.3 51.7 68.9 4.0

7 2: Comparison between online recipe retrieval (OnRR)
performances of baseline models. RQK and MdR represent
recall at rank K (1) and median rank ({), respectively. This
table provides only the early-stage setting (using the first
25% of the video as input); results in other settings are
detailed in the supplementary.

il) L EBPEMERHE (Recipe Stage Retrieval)
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DL ET =T 258, EHYRITHET 2EBAREL > ©
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Model FT AG S C M
Vid2Seq [19] - - 0.017 0.066 0.010
Vid2Seq v - 0.369 2.832 0.642
Vid2Seq v RL  0.211 1.381 0.285
Vid2Seq v AS 0.266 2.513 0.423
Vid2Seq v" RL+AS 0.581 6.195 1.142

# 3: DVC-FV OERELE, S/C/M &z 24 SODA c(1).
CIDEr(1) . B&XU METEOR(1) OFHlifE%E EH 9% (%) B
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5% Action Graph OF|HAEE ZHZNRL TV 5,

no AG RL+AS
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