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ABSTRACT

Following step-by-step procedures is an essential component of various activities
carried out by individuals in their everyday lives. These procedures serve as
a guiding framework that helps achieve goals efficiently, whether assembling
furniture or preparing a recipe. However, the complexity and duration of procedural
activities inherently increase the likelihood of making errors. Understanding such
procedural activities from a sequence of frames is a challenging task that demands
an accurate interpretation of visual information and an ability to reason about the
structure of the activity. To this end, we collected a new egocentric 4D dataset
comprising 384 recordings (94.5 hrs) of people performing recipes in kitchen
environments. This dataset consists of two distinct activity types: one in which
participants adhere to the provided recipe instructions and another where they
deviate and induce errors. We provide 5.3K step annotations and 10K fine-grained
action annotation{] for 20% of the collected data and benchmark it on the following
tasks: error recognition, multi-step localization and procedure learning.

1 INTRODUCTION

Remember when you prepared your favourite meal after a long day and missed adding that crucial
ingredient and then lost your appetite after a few bites? Such scenarios are quite common because
performing long-horizon step-by-step procedural activities increases the likelihood of making errors.
These errors can be harmless, provided they can be rectified with little consequence. Nonetheless,
when the procedures in question pertain to the medical field or complex chemical experiments, the
cost of errors can be substantial. Therefore, there is a pressing need for building Al systems that can
guide users in performing procedural activities (Draper, [2021)).

A key problem we need to solve in order to build such Al systems is procedural activity understanding,
a challenging and multi-faceted task that demands interpreting what is happening —specifically,
determining whether the person is following the procedure correctly or making an error, anticipating
what will happen, and planning the course of action to accomplish the goal. For a system to interpret
what is happening, it needs to recognize and segment actions while assessing the current state of
the environment (Elhamifar & Huynh} 2020b; Yue Yang et al.,[2021; | Mengmeng Wang et al., 2021}
Xudong Lin et al.,2022; [Dvornik, Nikita et al.,[2022). To anticipate future events, the system should
be able to predict actions at the beginning of an interaction or even beforehand (Damen et al., 2021}
Rohit Girdhar & Kristen Grauman, [2021). On the other hand, planning a sequence of actions requires
the system to understand the possible outcomes of these interactions (Chang et al.||2019bj; [Henghui
Zhao et al.,[2022; Jing Bi et al.,|2021). A number of datasets have been introduced to facilitate the
understanding of procedural activity. Most of these datasets contain only normal videos of humans
performing correct procedures. For an Al system to recognize errors in human procedures, datasets
with error annotations are very necessary. Recently, there has been a significant rise in the number of
procedural datasets containing errors that have been introduced, most of them primarily focussed on
identifying and addressing the errors that occur during assembly (Table [T).

In this work, we present a novel dataset to aid Al systems that solve the procedural activity under-
standing task, focusing specifically on improving their ability to recognize and anticipate errors. We
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Table 1:Ours vs Current Procedural Datasets (with and without errors) Our dataset not only enhances
the study of tasks outlined in procedural activity datasets in existing literature but also enables a systematic
investigation of errors occurring during the performance of procedural activities.

Errors | Dataset Name | Domain | Ego | Depth | Recorded | Error Labels | Errors Type | Videos | Hours | Tasks
YouCook2(Zhou et al,, 2017) Cooking - - 2000 176 89
50 Salads (Stein & McKenria, 20113) Cooking - - 50 4.5 2
EGTEA Gaze+ (egt, 2018) Cooking - - 86 29 7
MPII Cooking 2 (Rohrbach et al., 2015) Cooking - - 273 27 67
EgoProcel (Bansal, Siddhant et al., 2022) Assembly - - 329 62 16
Breakfast (Kuehne et al., 2014) Cooking - - 1712 77 10
EgoTV (Rishi Hazra, 2023) Simulated - Intentional 7673 168 540
Assembly101 (Fadime Sener et al., 2022) Toy Assembly Partial* Unintentional 447 53 101
CSV (Qian et al., 2022) Chemistry Lab Intentional 1940 11.1 14
HoloAssist (Wang et al., 2023) Assembly* Unintentional | 2221 166 350
IndustReal (Schoonbeek et al., 2024) Toy Assembly Int. and Unint. 84 5.8 36
ATA (Ghoddoosian et al., 2023) Toy Assembly Intentional 1152 248 3

| ours | Cooking | | | Int.and Unint.| 384 | 945 | 24

selected cooking as a domain that is suf ciently complex and encompasses different kinds of errors
that are compounding in nature and completely alter the current state of the environment with no
point of return. We decided to capture data from an egocentric view despite ego motions because it
helps minimize occlusions more effectively than third-person videos.

This paper makes the followirgpntributions: 1) We collected an egocentric 4D dataset that features
individuals following recipes in kitchen settings. Our dataset includes two distinct types of activities:
one where the participants precisely follow the given recipe guidelines and another where they deviate,
making errors. 2) We provide annotations for (a) Start/End times for each step of the recipe, (b)
Start/End times for each action/interaction for 20% of the collected data, and (c) Categorize and
provide a detailed description of the error performed by a participant which enabled us to gather
a comprehensive overview of different error types and their concise explanations. 3) We provide
baselines for the following procedure understanding tasks: supervised error recognition, multi-step
localization and procedure learning.

2 REeLATED WORK

Our dataset is distinguished by four key features: (1) the inclusion of multi-step activities, (2) an
egocentric viewpoint, (3) multimodal capabilities, and (4) a diverse set of errors. In Table 1, we offer

a comparative analysis with existing datasets, and in the rest of the section, we elaborate on how our
dataset is particularly relevant to the various tasks of interest.

Error Recognition. Given a video clip, error recognition involves identifying errors present in the clip.
This task was initially introduced as mistake detection by Assembly-101 (Fadime Sener et al., 2022)
and proposed a 3-class classi cation on the performed procedure to classify the clip as either correct,
mistake, or correction. Anomaly detection, while closely related to error recognition, differentiates
itself by utilizing static cameras and backgrounds to identify unusual or abnormal behavior.Our
dataset, encompassing a variety of error types, including timing, preparation, temperature, technique,
and measurement mishaps, provides researchers with a comprehensive view of error patterns in
diverse situations. Cooking is a task that involves continuous changes in the shape and color of
ingredients, unlike assembly tasks that usually lack variation. This unique characteristic of cooking
activity makes our dataset particularly valuable for developing error recognition methods applicable
to procedural tasks in the medical sector or that involve performing chemical experiments.

Temporal Action Localization. (TAL) aims to identify temporal boundaries in extended videos and
classify each action instance. Broadly, TAL methodologies fall into two categories: two-stage and
single-stage approaches. The two-stage method rst generates action proposals and then classi es
these actions. In contrast, the single-stage approach conducts simultaneous action localization
and classi cation. Several datasets, such as ActivityNet (Fabian Caba Heilbron & Niebles, 2015),
THUMOS14 (Jiang et al., 2014), Charades (Sigurdsson et al., 2016), MultiTHUMOS (Yeung et al.,
2017), AVA (Gu et al., 2017), EPIC-KITCHENS (Damen et al., 2021), and Ego4D (Grauman et al.,
2021), have signi cantly advanced the eld of TAL. While our dataset may be smaller in comparison,
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it offers a unique feature: it includes both normal actions and erroneous actions. This makes it
especially valuable for evaluating TAL methods' robustness in handling actions with deviations.

Procedure Learning. is a two-part process where all video frames are rst segregated into K
signi cant steps. Then, a logical sequence of the steps necessary to complete the task is identi ed
(Elhamifar & Huynh, 2020a; Huang et al., 2016; Chang et al., 2019a; Bojanowski et al., 2014; Sener

& Yao, 2019; Zhou et al., 2018). Existing procedural activity datasets like CrossTask (Zhukov et al.,
2019), COIN (Tang et al., 2019) are predominantly third-person videos; in this light, EgoProcelL
dataset (Bansal, Siddhant et al., 2022) was compiled from videos of CMU-MMAC (De la Torre et al.,
2008), EGTEA (Fathi et al., 2011b), EPIC-Tents (Jang et al., 2019), MECCANO (Ragusa et al.,
2020). We observe that our dataset features a greater average step length, posing a substantially more
challenging problem for algorithms developed using existing egocentric procedure learning datasets.

3 DATA COLLECTION

Figure 1: (a-b) display the sensor con guration for recording that includes a GoPro mounted over a
HoloLens and a participant making the recipecumber Raitaand (c-f) display the synchronized
data captured by the HoloLens2 including 3D hand joints, depth, RGB and camera trajectory.

Sensors.In order to gather activity data, we employed a combination of the GoPro Hero 11 camera,
which was mounted on the user's head, and the HoloLens2 device. To facilitate data collection
from the HoloLens2, including its depth sensor, IMU (Inertial Measurement Unit), front RGB
camera, and microphone, we utilized a custom tool developed by (Dibene, Juan C. & Dunn, Enrique,
2022). Furthermore, we captured the processed head and hand tracking information provided by the
HoloLens2 device. We offer data recorded from HoloLens2 and GoPro, presented separately for
each recording. It is important to note that the data from GoPro and HoloLens2 are not synchronized.
Figure 1 illustrates the data captured from HoloLens2.

Recipes.We curated a selection of 24 cooking recipes sourced from WikiHow (Table 8), speci cally
focusing on recipes with a preparation time of 30 minutes or less. These recipes encompassed a wide
range of culinary traditions, showcasing the diversity of cooking styles across various cuisines. Our
main goal was to identify potential errors that could occur when using different cooking tools to
prepare recipes sampled from various cuisines.

Task Graphs. A task graph visually represents the sequential steps required to accomplish a given
recipe. Each node in the task graph (for a recipe) corresponds to a step in a recipe, and a directed edge
between a node and a nodg in the graph indicates thatmust be performed befose Thus, a task

graph is a directed acyclic graph, and a topological sort over it represents a valid completion of the
recipe. In order to construct task graphs for our collection of 24 WikiHow recipes, we meticulously
identi ed all the essential steps involved and established their inter-dependencies, thereby establishing
a topological order of tasks (see Appendix F for details about constructed task graphs).

3.1 ProTocoL

Our dataset was compiled by 8 participants across 10 distinct kitchens. Each participant selected
ten recipes and recorded, on average, 48 videos across 5 different kitchens. During Iming, all
participants were required to ensure that they were alone in the kitchen and remove any items that
could potentially identify them, such as personal portraits, mirrors, and smartwatches with portraits.
The participants used a GoPro and a HoloLens2 to record and monitor their footage. Each participant
was provided with a tablet-based recording interface accessible through a web browser. To ensure
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