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A Overview

A.1 Motivation

Procedural Datasets. We present our motivation to collect a new dataset with errors. Current
datasets that study procedural tasks, such as GPHABreakfast 7], CMU-MMAC [ 13|, 50Salads

[72], COIN [74], CrossTask86], ProceL [L7], EgoProceL4l], Assembly101 18], and HowTo100M

[46], encompass temporal variation in the order of the steps performed. However, these datasets are
predominantly sourced from crowd-sourced online platforms, resulting in the videos often containing
drastically different steps, with alterations impacting more than 30% of the content. Our interest lies
in understanding errors induced by deviating from the given instruction set. To this end, we require
two types of videos: normal ones that closely follow the instructions and error videos that depict
deviations. Moreover, we aim to capture these videos from an ego-centric perspective to minimize the
occlusions typical in third-person videos. We are primarily interested in understanding errors when
the objects under the interaction continuously change shape and colour during a procedural activity.

Recent Progress. Error recognition in procedural activities has received signi cant traction, leading

to the proposal of new datasets with errof§, [22, 60, 63]. Although they aim to identify errors

in procedural activities, they focus on tasks related to assembly and disass@mblgctivities

involve objects with constant shapes and colors, which lack the desired characteristicEhe
absence of such speci c video resources led us to curate a dataset (Fig. 1) embodying all our desired
characteristics. By focusing on cooking activities with desired characteristics, our dataset can be used
to develop easily transferable algorithms for other sensitive domains, such as medicine and chemistry.

Figure 1:Overview. Top: We constructed task graphs for the selected recipes. These graphs facilitated
sampling partial orders (cooking steps) that participants followed to perform. During the execution
of some of these steps, participants induced errors that arérttettiional andunintentional in

nature.Bottom: On the left, we present the sensors employed for data collection, and on the right, we
describe the details of the modalities of the data collected while the participant performs the recipe.

In the following sections, we will start by explaining how to use the data, including details about the
structured splits of the dataset. We will then discuss comprehensive results and various analyses of
the tasks we have benchmarked. Lastly, we will describe our data collection and annotation processes
involving three stages: (a) Data collection planning, (b) Data collection, and (c) Data processing.
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A.2 Extended Related Work

Recently, p4] proposed a method for supervised procedure learning ompritygosed dataset

A complete survey of all the relevant tasks is outside the scope of the paper; thus, we provide
a brief review of procedure understanding tasks that are of particular interest to the proposed
dataset such as Error Recognitio[9], Multi-Step Localization and Self-Supervised Procedure
Learning [L5, 16, 39], Video Summarization48], Temporal Action Segmentatiod9, 40, 1, 10, 21],

Object State Change Detectionl], Action Localization B7, 68], Adverb Recognition 11, 11],

Task Veri cation (Sequence Veri cationg0]) [60], Long Video Understanding3p, 28, 83|, Key-

Step Localization$1, 44, 26], Procedure Plannin@[f] (Goal-Step Inference8p, 38, 559)), Self-
supervised procedural knowledge extractidf] [Visual Transformation Telling78]), Sequence-to-
sequence alignmeni0, 23, 5, 7, 75, 33, 34, 62, 32, 73, 81, 69, 77] (Audio, Video synchronization

[47, 8, 57, 67]), Scene Graph Anticipatiorbfl], Temporal Adaptation, Semantic Role Labelling

[3, 6, 29, Procedure Learningp, 35, 43, 84], Action Anticipation in Procedural Video$5, 56, 2].

A.3 Data Splits

We created diverse splits for training models on the proposed dataset where each split is based on
a speci ¢ criteria ensuring diversity in the train, validation and test subsets according to it. This
approach enables models to concentrate on different facets of the data. The splits are categorized as
follows: (1) Recording EnvironmenE], (2) Recording PersorP(), (3) RecipesR¢), (4) Recordings

(R), (5) Steps §), and (6) Recording TypeR;).

(1) Environment (E). Our dataset comprises data collected from ten different environments, with a
larger proportion of recordings sourced from ve of these environments. We used this information to
strategically divide the dataset. Recordings from these ve environments were included in both the
training and validation sets, while recordings from the remaining environments were allocated to the
test set. We ensured a consistent balance of normal and error recordings across all three sets.

(2) Persons P). Eight participants compiled our dataset, each recording an equal number of
videos. To facilitate a balanced distribution, we designed a split that includes recordings from two
participants—who performed all the recipes—in the test set. The recordings from the remaining
participants were divided between the training and validation sets.

(3) Recipes Re). We meticulously divided 24 selected recipes into training, validation, and test

sets based on the speci ¢ skills required for each recipe. By identifying all the essential skills needed

to execute these recipes, we ensured that each set included recipes that necessitate applying these
skills. This strategic division facilitates learning tasks that involve skill transfer.

(4) Recordings R). We categorize all recordings of a recipe into training, validation, and test sets
according to a speci ed ratio. This split is generated randomly and varies with each iteration.

(5) Steps ). We compile a comprehensive dataset consisting of video segments that correspond
to the steps of all recordings. This dataset is then divided into training, validation, and test splits,
ensuring that steps from each recording are represented across all three spilits.

(6) Recording Type R:). Tasks that require a semantic understanding of errors employ methods
that differentiate between normal and error recordings. The models can be trained using only normal
recordings to learn the baseline behaviour and then applied to recognize errors in recordings.
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B Benchmarking

We present comprehensive evaluation results and analyses for our proposed dataset on several tasks:

1. Error Recognition: This includes evaluations under two different settings:

» Zero-Shot
— Error Recognition
— Error Category Recognition
— Anomaly Detection
» Supervised
— Error Recognition
— Early Error Recognition

2. Multi-Step Localization
3. Procedure Learning

B.1 Zero-Shot Error & Error Category Recognition

Error Recognition demands an accurate interpretation of actions and their consequences. This entails
developing models that can semantically understand the progression of events during an activity
and also assess the quality of the actions observed. Recently, Vision-Language Models (VLMs)
have shown great promise in visual reasoning by combining effective visual analysis with the strong
common-sense reasoning abilities of Large Language Models (LLMs). Therefore, our goal is to test
the ability of recently proposed VLMs to recognize errors in video recordings of procedural activities.

Leveraging the prompt-and-predict paradigm we proposed two vatidhisV,g for error recogni-

tion. We set up the Zero-Shot Error Recognition task as a Video Question Answering (VQA) problem.
Our proposed varian®/ 1; Vg primarily focused on the generation of task-speci ¢ questions, while
relying on the existing state-of-the-art pre-trained VLMs for visual interpretation and the reasoning
ability required (speci c to visual interpretation) to answer the generated task-speci ¢ questions.

Figure 2:ZeroShotER evaluation pipeline of VLMs

Our proposed variants are distinguished by their use of single-prompt and multi-prompt approaches,
as de ned in the literature on prompt engineering. Speci cally/in we leverage the task graphs

2We only probe the textual inputs, leaving the visual interpretation aspects of the VLMs unchanged.
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and error descriptions provided as part of annotations to construct questions (a single question
prompt speci c to each step of the recipe) that enquire about the completion of a recipe step in the
procedural activity videos. IN,, instead of a single-prompt (more general questions), we adopt a
prompt-ensembling strategy (more speci ¢ questions) to recognize errors that occur in recordings.

OurV, can be understood as follows: Error Recognition as a task requires identi cation of all errors
that occur in procedural activity videos. Since the space of the possible errors that can potentially
occur for each procedural activity is very large and combinatorial in nature, tasking a VLM to enquire
about all possible errors through more general questions leads to signi cantly low performance
(can be observed through numberd/pfin Table 1). To address this, as illustrated in Figure 2, we
leveraged the structured knowledge about the categories of errors that can occur while executing a
procedural activity and crafted targeted question prompts. This strategy not only guides VLMs to
answer more speci ¢ questions, thereby improving the performance scores (refer Table 1) but also
aids in developing a systematic framework for building error recognition models using VLMs.

VLM | Variant | Acc P R F1

64.3 342 3.9 6.7
52.85 36.3 49.3 418

V1 65.0 51.11 115 226
Vo 435 3438 69.7 [46.1

Video-LLava[41]| V2
Vo

TimeChat [59]

Table 1:ZeroShotER evaluation results.

In subsequent sections, we detail the two proposed varidhisy/,g, including examples of the
crafted question prompts fé¥ ;; Vog. We also present our evaluation results (using standard binary
classi cation metrics) for the tasks of Error Recognition and Error Category Recognition. We note
that although we present evaluation results for two open-source VLMs, Video-LLaVa and TimeChat,
our framework can be easily extended to closed-source VLMs such as GPT-4V and GeminiPro.
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B.1.1 Variant-1 (V):

Figure 3: ZeroShotERV1. We outline the methodology for the proposed variéntas follows:

Initially, we integrated the raw textual descriptions of steps extracted from task graphs into an
engineered prompt template to create a single-question prompt speci c to each step of the recipe.
This prompt, along with the corresponding video, is inputted into a VLM. We analyze the responses
generated from the VLM to obtain its predictions corresponding to each step of the recipe.

Task. In Figure 3, we present overview of the proposed method. The two important components of
V, include (a) An engineered prompt template that is speci ¢ to the chosen VLM and (b) A response
processing unit. For engineering the prompt template, we employed the following methodology:

— Inspired by theChain of Thoughprompting strategy, We formulated a list of templates that
can potentially be used for recognizing errors in procedural activity recordings.

— We selected a diverse set of videos representing every recipe type included in the dataset.

— We executed our proposed pipeline with all the prompt templates on a selected set of videos
and chose the best-performing prompt template corresponding to each VLM.

We noticed that although we craft the template to generate the response in a speci ¢ format, the
response generated by VLM often follows a different format; thus, we included a response processing
unit to convert the generated response into a preferred format. We presented results in Table 1.

In the subsequent sections, we present the engineered templates (tailored to the speci c choice of
VLMs) used to construct the question prompts for each step followed by a few examples of the steps
sampled from the recipes included in the proposed dataset. We built our candidates for the templates
utilizing the examples provided by the authors of employed VLMs, Video-LLaVa and TimeChat.



142 Prompt Template. Following are the engineered prompt templates corresponding to the VLMs

143 — Video-LLaVa: ASSISTANT: {Did, Is, Does, ...} the person {perform, execute, doing, ...}
144 the steg recipe step from the reciy recipe ?

145 — TimeChat: You are given a cooking video. Please watch the video and answer the following
146 guestion: {Did, Is} the person {perform, doing} the st recipe stef? Return the answer in

147 the format of Yes or No.

s Examples:

Cucumber Raita

In a mixing bowl, whisk 1 cup of chilled curd until smooth. Use fresh homemade
or packaged curd

VLM: Video-LLaVa

Prompt: Did the person whisk 1 cup of chilled fresh homemade or packaged curd util
smooth while performing the Cucumber Raita recipe?

VLM: TimeChat

Prompt: You are given a cooking video. Please watch the video and answer the followjng
question: Did the person whisk 1 cup of chilled fresh homemade or packaged

curd until smooth? Return the answer in the format of Yes or No.
149

Spiced Hot Chocolate
Add 2 pieces of chocolate to the mug

VLM: Video-LLaVa

Prompt: Does the person add 2 pieces of chocolate to the mug while performing Spiced
Hot Chocolate recipe?

VLM: TimeChat

Prompt: You are given a cooking video. Please watch the video and answer the followjng
question: Does the person add 2 pieces of chocolate to the mug? Returr] the
answer in the format of Yes or No.

Tomato Mozzarella Salad
Rinse a tomato

VLM: Video-LLaVa
Prompt: Did the person rinse one tomato?

VLM: TimeChat

Prompt: You are given a cooking video. Please watch the video and answer the followjing
question: Did the person rinse one tomato? Return the answer in the formgt of
Yes or No.

151
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B.1.2 Variant-2:

Figure 4: ZeroShotERV2. We outline the methodology for the proposed variésntas follows:

Instead of a single-question prompt for each recipe step, we create seven question prompts, each
tailored to a speci c error category. Speci cally, we engineered seven query templates, each
corresponding to an error category. We fed these templates along with the description of each recipe
step to Llama3 to generate seven tailored query prompts. We pass these error category-speci ¢ query
prompts along with the videos to VLMs. We process the response generated by VLMs and apply an
OR operation on processed responses of question prompts to obtain the nal prediction for each step.

Task. In Figure 4, we present overview of the proposed vatignimportant components &f,
are (a) Engineered error-category-speci ¢ query prompt templates tailored to VLM and (b) Final
prediction generation. For engineering error-category-speci ¢ query prompt templates we followed:

— Inspired by theChain of Thoughprompting strategy, We formulated a list of templates that
can be used for recognizing errors correspondinggith error categoryn recordings.

— We selected a diverse set of videos representing every recipe type included in the dataset.

— We executed our proposed pipeline using all error category-speci ¢ query prompt templates
on a chosen set of videos. From these, we identi ed and selected the best-performing error
category-speci ¢ query prompts for each VLM. We presented evaluation results in Table 1.

— We note that as an intermediate step, we also solve the Error Category Recognition task.

Table 2:Error Category Recognition evaluation results.

Error Category | VLM | P R F1 Acc

Video-LLaVA | 16.3 353 223 655
TimeChat 172 625 9.2 826

\ﬁdeo-LLaVA‘ 77 123 95 842

Order Error

Preparation Error

TimeChat 7.1 501 124 522
e Erf YOECLLA | 00”00”00 357
TecmqueEror | YOECLLS | L0407 s0s
wesmgsieps | YOeo LR | 31739 4497

Temperature Error \ﬁdeo-LLaVA‘ 05 46 09 894

TimeChat 06 62 12 884

— Video-LLaVA | 66 06 11 968
Timing Error TimeChat 30 176 51 805
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