
COM Kitchens: 調理作業理解のための
言語資源つき固定視点映像データセットの構築
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2 Related work075 075

This paper proposes a new vision-language video dataset with one novel tasks076 076

and one novel domain for DVC. We present comparisons to clarify the dataset077 077

novelty in Sec. 2.1, and the task/setting novelties in Sec. 2.2.078 078

2.1 Datasets for Procedural Video Understanding079 079

Table 1: Comparison between instructional video datasets with fixed-viewpoint (FV)
cameras. We categorized temporal segment type into action (e.g., "put a bowl," "crack
the egg," and "beat the egg"), and step, which is a higher-level action (e.g., "whisk
eggs in a bowl").

dataset year topic tasks # env. # videos total (h) avg. (m) seg. type seg. description

MMAC [45] 2008 Cooking 1 1 32 8 15.0 action 130 actions cls.
MPII [39] 2012 Cooking 14 1 44 8 13.4 action 65 actions cls.
ACE [43] 2012 Cooking 5 1 35 2 3.6 action 8 actions cls.
50 salads [46] 2013 Cooking 2 1 50 5 5.4 action 51 actions cls.
Breakfast [22] 2014 Cooking - 18 1,712 77 2.7 action 10 actions cls.
IKEA ASM [3] 2021 Furniture 4 5 371 35 5.7 action noun+verb (n+v)
Assembly101 [40] 2022 Assembly 15 1 4,321 513 7.1 act./step 1,380 act. cls./n+v
COM Kitchens Ours Cooking 139 70 145 40 16.6 act./step instructional text

Tab. 1 summarizes datasets with FV procedural videos. They are all tar-080 080

geting manufacturing tasks. COM Kitchens has a significantly large diversity081 081

in tasks and environments among those datasets and is the only dataset082 082

with linguistic annotations. We omitted EgoExo4D [15], a dataset publised083 083

very recently, from the table because the paper does not provide an organized084 084

statistics.085 085

Only Breakfast [22], EgoExo4D [15], and our dataset have environmental086 086

diversity; other datasets struggled to increase it due to the cost of in-person087 087

technical support. The breakfast dataset has collected data from 18 environments088 088

(overhead or side view), but its target tasks are limited to two salads, and only089 089

10 class action labels are provided. EgoExo4D overcame the problem of costs by090 090

involving 12 institutes. Our dataset is competitive with EgoExo4D in the number091 091

of environments and participants for the cooking scenario but more divergent092 092

in tasks. An additional difference is camera views. EgoExo4D observed each093 093

demonstration with multiple cameras from the front, side, and back view angles.094 094

They targeted capturing activities around the kitchen counter and away from095 095

it together because their motivation is bridging ego and exo-views. In contrast,096 096

our motivation is a fine-level understanding of procedures. Hence, we focused on097 097

capturing activities on a cooking counter with minimum occlusions.098 098

Tab. 2 compares our dataset to other procedural video datasets with linguis-099 099

tic annotations. We omit video datasets with no manual annotations, such as100 100

HowTo100M [30] and YT-Temporal-1B [54], because they are for pre-training101 101
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Table 2: Comparison between instructional vision-language video datasets. Only our
dataset is the fixed viewpoint. The size is not as huge as recent webly collected and ego-
vision datasets since its concept is still pioneering. Coarse instruction is the minimum
step description by a combination of verb(s) and noun(s) in a YouCookII style [56]
(e.g., "whisk egg, flour"), while fine instruction is those from a real instructional text
(e.g., "Beat the egg whites with a mixer, starting on low speed"). ’manual*’ annotates
only the start of intervals.

dataset year type topic tasks # videos total (h) avg. (m) seg. description interval # seg.

YouCookII [56] 2018 Web Cook. 89 2,000 176 5.3 coarse instruction manual 4,325
ProceL [10] 2019 Web Multi. 12 720 47 3.9 coarse instruction manual 498
COIN [47] 2019 Web Multi. 180 11,827 476 2.4 coarse instruction manual 46,354
CrossTask [57] 2019 Web Multi. 83 4,700 376 4.8 coarse instruction manual 19,278
MMAC-Captions [33] 2021 Ego Cook. 5 146 16 13.4 coarse instruction manual 5,002
Epic Kitchens [7] 2022 Ego Cook. 70 700 100 8.6 narration utterance 39,596
Ego4D [14] 2022 Ego Open - - 3,670 - narration manual* -
BioVL2 [38] 2022 Ego Bio. 5 32 3 5.3 fine instruction manual 408
VRF [44] 2022 Web Cook. 200 200 2 0.7 fine instruction manual 3,705
COM Kitchens Ours FV Cook. 139 145 40 16.6 fine instruction manual 2,852

rather than for downstream tasks. The pioneering work of YouCookII [56] pro-102 102

vides linguistic annotations of coarse instruction (e.g., "whisk egg, flour"), and103 103

many other work follows this manner. Epic Kitchens and Ego4D have narrations104 104

as their linguistic annotation, but they tend to describe the details of each action105 105

(e.g., action name and target objects), which is still similar to coarse instruc-106 106

tion. While captioning for procedural image sequences [4,34,36] uses commercial107 107

recipe sites as the dataset resource for generating fine instructions (e.g., "Beat108 108

the egg whites with a mixer, starting on low speed"), there is a gap with current109 109

video datasets’ linguistic resource.110 110

BioVL2 [37] and VRF [44] are the only datasets with fine instructions before111 111

this work. BioVL2 is a rare dataset that captures biochemical experiments, but112 112

the dataset size is limited. VRF collected one-minute videos, edited to focus113 113

on food state changes but omit human actions. COM Kitchens has 70% of the114 114

diversity against the web-based VRF dataset, consisting of unedited videos with115 115

16.6 minutes on average.116 116

Our dataset provides its annotation as visual action graphs. Such a struc-117 117

tured representation of manufacturing instruction was first proposed in 1980 by118 118

Momouchi [31] as an estimation target of a natural language processing task.119 119

Later, Flow graph [32, 51] was proposed with a fine-grained graph as a compre-120 120

hensive representation of understanding. Merging tree was the simplest structure121 121

of the manufacturing process [18], which picks up only actions that merge ma-122 122

terials as nodes. Action graph is an intermediate representation between flow123 123

graph and merging tree, which expresses actions to single material as well as124 124

merge [21].125 125

They have been independently extended to vision-language structures. Visual126 126

action graphs was defined as a prediction target of an unsupervised task [17] with127 127

web videos. Unfortunately, their visual action graph dataset is only for testing128 128

and is not publicly available. A small dataset of visual merging trees has been129 129

1. 一般家庭のスマホ撮影映像を収集（70環境/139レシピ/145動画/平均16.6分）
2. 「Visual Action Graph」 （下図） で⼿順⽂章と映像を紐づけ
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Table 4: Comparison between DVC performances of baseline models. The rows with
‘FT’ of ‘X’ show the results of models fine-tuned on COM Kitchens. “AG” shows the
choice of methods to leverage action graph information during the fine-tuning.

Model FT AG SODA_c(") CIDEr(") METEOR(")

PDVC [49] - - 0.022 0.000 0.000
Vid2Seq [52] - - 0.017 0.066 0.010

Vid2Seq X - 0.369 2.832 0.642
Vid2Seq X RL 0.211 1.381 0.285
Vid2Seq X AS 0.266 2.513 0.423
Vid2Seq X RL+AS 0.581 6.195 1.142

relation (a.k.a. the type of edges) between APs and trained the model in a378 378

multi-task learning manner. On the other hand, when the action graph serves379 379

as attention supervision, we follow Garg et al . [13] and minimize the Kullback-380 380

Leibler divergence between the self-attention matrix at the last encoder layer381 381

and the alignment matrix which elements denote the existence of edges.382 382

Metrics. We employed SODA_c [12], CIDEr [48], and METEOR [2] scores to383 383

evaluate the model performance, which are the commonly used metrics for the384 384

DVC task.385 385

Results. Tab. 4 shows the result of the DVC benchmark. The zero-shot perfor-386 386

mances of both the PDVC and Vid2Seq models are extremely low compared387 387

to those on the YouCookII dataset (4.9 and 7.9 SODA_c scores, respectively).388 388

This deterioration indicates that the COM Kitchens dataset is challenging for389 389

the DVC task. While the speech information is proved to be the mandatory390 390

modality to generate better captions [52], most videos in the COM Kitchens391 391

dataset have less or no speech information than other procedural video datasets.392 392

We also found that the supervision obtained from the action graph benefits393 393

the model performance. While individual supervision (RL or AS) does not bring394 394

improvement, combining both supervisions enhanced the model’s performance395 395

across all metrics. We consider this boost to derive from improved attention.396 396

Shown in the Fig. 7, the RL or AS supervision guides the model to align most397 397

frames to a small part of frames, but the RL+AS supervision leads the model to398 398

align frames to their relative frames (defined by the action graph) and around.399 399

This smoothed alignment provides valuable information for generating the recipe400 400

texts and determining the segment boundaries.401 401

5 Discussion402 402

We provided baseline results for two specific tasks: OnRR and DVC-OV, exten-403 403

sions of conventional cross-modal retrieval and captioning tasks with our COM404 404

Kitchens dataset. OnRR aimed to create a practical form of video comprehension405 405

目的：Web動画ではなく「未編集なユーザ撮影映像」を対象とする作業理解研究基盤を作成

概要：

調理者が各家庭で設置して撮影

iPhone 11 Pro+三脚を実験参加者に郵送
   → 研究者の⽴ち会いなしでデータ収集可能

表1. 従来の固定視点映像データセットとの比較

表2. ⾔語資源つき動画データとの⽐較
※厳密にはEgoExo4Dもあるが統計情報が集計されていないため表からは除外

  ⼊⼒: 調理途中までの動画
  出⼒: 調理中のレシピ + 進捗状況の特定

ベンチマーク課題②  Dense Video Captioning

Visual Action Graphを教師信号として利用
RL: Relation Label を同時推定
AS: TransformerのAttention先を教師あり学習Feasible Recipe Retrieval Recipe Stage Identification
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Table 3: Online recipe retrieval (OnRR) performances of baseline models. R@K and
MdR represent recall at rank K (") and median rank (#), respectively. This table
provides only the early- and middel-stage settings (using the first 25% and 50% of the
video as input); results in other stages and settings are detailed in Appendix D.

Task Method Early (25%) Middle (50%)

R@1 R@5 R@10 MdR R@1 R@5 R@10 MdR

Feasible
Recipe

Retrieval

Random 1.8 8.6 15.8 - 0.4 1.8 3.1 -
UniVL [25] 3.4 5.7 9.2 227.0 3.4 5.7 9.2 231.0

CLIP4Clip [26] 0.0 0.0 10.3 79.0 0.0 0.0 6.8 85.0
X-CLIP [27] 0.0 6.8 10.3 89.0 0.0 3.4 3.4 320.0

Recipe
Stage

Identification

Random 6.3 31.6 63.3 8.0 6.3 31.6 63.3 8.0
UniVL [25] 17.2 48.2 68.9 5.0 9.2 63.3 89.2 3.0

CLIP4Clip [26] 6.8 48.2 68.9 5.0 10.3 55.1 86.2 4.0
X-CLIP [27] 10.3 51.7 68.9 4.0 17.2 37.9 93.1 6.0

performance compared to those not fine-tuned with COM Kitchens. These re-352 352

sults suggest that models can not solve these two tasks simultaneously with353 353

simple contrastive learning. In other words, the OnRR task offers us a bench-354 354

mark for developing a more sophisticated approach that retrieves recipes based355 355

on a comprehension of the cooking process.356 356

4.2 Dense Video Captioning on Unedited Fixed-viewpoint Videos357 357

Dense video captioning is another task for procedural videos, where a system358 358

generates multiple detailed captions for different segments within a video. This359 359

approach involves detecting distinct events in the video timeline and then gener-360 360

ating descriptive and accurate captions for each identified event. The objective361 361

is to provide a more comprehensive and segmented understanding of the video362 362

content, which is beneficial for accessibility, content analysis, and enhanced video363 363

search capabilities.364 364

In the DVC task, systems are required to predict both the content and the365 365

duration of each segment. For the COM Kitchens dataset, we take APs as the366 366

segments of a video; the content is the recipe text of each AP and the entire367 367

duration covering all repetitions under each AP.368 368

Settings. In this experiment, we used the same train/valid/test split with the369 369

OnRR task. We selected two DVC systems as our baselines: PDVC [49] and370 370

Vid2Seq [52]. We first tested their zero-shot performance on the COM Kitchens371 371

dataset. Then, we fine-tuned the Vid2Seq model, the SOTA model on the YouCookII372 372

dataset, on our dataset and evaluated its performance.373 373

Besides, we examined two supervision approaches to leverage the action graph374 374

in the DVC task: (i) action graph as relation labels (RL) and (ii) action graph375 375

as attention supervision (AS). When we took the action graph as relation labels,376 376

we employed the decoder of TablERT-CNN [28] as our module to predict the377 377

Word Clouds（動詞・材料名）

Visual Action Graph

材料名

動作前

動作後

混合先

枝連結規則

カメラ設置例 画角は調理台ほぼ全域

数少ない「固定視点映像+言語資源」データセット


