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of the fold.”
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6. “Adhere the liner with glue.”
7. …
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the wrong way

“Ignored incisions.”

5

Figure 1. Overview of the EgoOops dataset. EgoOops includes 50 egocentric videos across five procedural domains and corresponding
procedural texts. It contains three types of annotations: video-text alignment, mistake labels, and descriptions explaining the errors in each
segment.

Abstract

Mistake action detection from egocentric videos is cru-
cial for developing intelligent archives that detect workers’
errors and provide feedback. Previous studies have been
limited to specific domains, focused on detecting mistakes
from videos without procedural texts, and analyzed whether
actions are mistakes. To address these limitations, in this
paper, we propose the EgoOops dataset, which includes
egocentric videos, procedural texts, and three types of anno-
tations: video-text alignment, mistake labels, and descrip-
tions for mistakes. EgoOops covers five procedural domains
and includes 50 egocentric videos. The video-text alignment
allows the model to detect mistakes based on both videos
and procedural texts. The mistake labels and descriptions
enable detailed analysis of real-world mistakes. Based on
EgoOops, we tackle two tasks: video-text alignment and
mistake detection. For video-text alignment, we enhance the

recent StepFormer model with an additional loss for fine-
tuning. Based on the alignment results, we propose a multi-
modal classifier to predict mistake labels. In our experi-
ments, the proposed methods achieve higher performance
than the baselines. In addition, our ablation study demon-
strates the effectiveness of combining videos and texts. We
will release the dataset and codes upon publication.

1. Introduction
When performing procedural tasks such as assembly or

scientific experiments, we follow procedural texts to carry
them out in the real world. During this process, mistakes
negatively impact quality, speed, cost, and safety. Com-
mon errors include skipping steps or performing incorrect
actions, which can sometimes result in life-or-death situa-
tions. To reduce them, the goal of this study is to develop
an intelligent video archive that records workers’ activities,
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detects their mistakes, and provides feedback to them.
To record worker’s activities, egocentric views gain sig-

nificant attention because they contain detailed procedural
activities to achieve a goal [2,6,14,19,20,26,28,30,31,34,
37, 42]. Recent work collected large-scale egocentric video
datasets that consist of procedural activities with mistake
annotations in assembly [31, 34, 42] and cooking [19, 28]
domains. Based on these datasets, researchers proposed
mistake detection methods [8, 12, 13, 19, 28, 33, 34]. Given
videos, some researchers focus on online mistake detection
using large language models (LLMs) [31] while others fo-
cus on detecting skipped steps by automatically construct-
ing task graphs [33].

However, these studies have three limitations. First, pre-
vious work focuses on mistake detection only from videos
and does not utilize procedural texts. Procedural activi-
ties are multi-modal; we read procedural texts, perceive the
world, and complete steps. Therefore, to detect mistakes ac-
curately, it is essential to input both videos and texts, rather
than relying on videos alone. Second, most work analyzes
whether the actions are mistakes or not. In reality, mistakes
can take various forms, such as using wrong objects or skip-
ping steps. Thus, fine-grained mistake labels are necessary
to examine common mistake patterns in real-world scenar-
ios. Finally, the target domains are limited to assembly and
cooking. To gain comprehensive insights, it is essential to
collect data from a wide range of domains.

To address these issues, we propose the EgoOops
dataset, which consists of egocentric videos and procedu-
ral texts (Fig. 1). It covers five domains and includes 50
egocentric videos of procedural activities totaling 6.8 hours.
The five domains are electrical circuits, color mixture ex-
periments, ionic reaction experiments, toy building blocks,
and cardboard crafts. Based on videos and texts, EgoOops
features three types of annotations. First, we annotate the
alignment between video segments (i.e., start and end times-
tamps) and steps in the procedural text. Second, if a seg-
ment contains a mistake, we categorize it into one of six
mistake labels. Finally, for the segment with mistake labels,
we provide mistake descriptions.

Based on EgoOops, we address two application tasks:
video-text alignment and mistake action detection. The
video-text alignment is to localize video segments and align
them with corresponding steps in the procedural text. To
achieve this, we utilize the self-supervised video-text align-
ment model StepFormer [10]. We train StepFormer on
Ego4D [14] and fine-tune it on EgoOops with an additional
loss, referring to this modified version as StepFormer++.
The mistake action detection is to classify the segments into
labels. In this paper, instead of six mistake labels, we utilize
the modified three labels acquired from the original mistake
labels: “mistake,” “correct,” and “correction.” We train a
multi-modal classifier to predict labels from the localized

segments.
In our experiments, we prepare StepFormer and tempo-

ral action localization (TAL) models as baselines. Our ap-
proach performs better than them, achieving an F1 of 28.1
in video-text alignment and mAP of 3.7 in mistake action
detection. In addition, our ablation study demonstrates the
effectiveness of combining videos and texts.

2. Related work
In this section, we compare EgoOops with other datasets

in terms of two perspectives: procedural activity dataset
and mistake action dataset. Table 1 shows comparisons of
EgoOops and other datasets.

2.1. Procedural activity dataset

Learning models from procedural activities is an impor-
tant task for real-world applications, including wearable as-
sistants [34, 39, 42, 43] and robot manipulation [1, 16, 23].
Early studies focused on alignment between video seg-
ments and steps in the procedural text and proposed datasets
by collecting videos from YouTube [11, 22, 24, 38, 44, 47,
48]. Recently, egocentric videos have gained significant
attention from researchers because they can record de-
tailed workers’ activities [2, 6, 14, 20, 26, 30, 37]. EPIC-
KITCHEN [6] consists of 432 egocentric videos with text
annotations in the cooking domain. BioVL [26] contains
16 egocentric videos with video-text alignment annotations
in the wet-lab experiments. Based on these datasets, re-
searchers develop video-text alignment models, such as
ULAC [18], DWSA [35], and StepFormer [10]. EgoOops
differs from these datasets because it contains not only
video-text alignment but also mistake labels. This allows
researchers to address both video-text alignment and mis-
take detection from an egocentric view.

2.2. Mistake action dataset

Mistake action detection from egocentric videos recently
has gained attention from researchers, leading to the pro-
posal of various datasets. Assembly101 [34] initially pro-
posed a task of mistake action detection, featuring segment-
level mistake annotations. ATA [13] provides video-level
mistake labels across 15 classes specific to the assembly do-
main. HoloAssist [42] records object manipulation, where
instructors verbally intervene in mistakes through a mixed-
reality headset. Industreal [31] focuses on industrial-like
assembly tasks and collects mistakes. Building on these
datasets, previous studies have proposed various models for
mistake action detection [8, 12, 33, 34, 42]. PREGO [12]
addresses online mistake action detection by combining an
action recognition model and LLMs to detect the mistakes.
Seminara et al. [33] proposed a method to learn task graphs
for detecting skipped steps by introducing a differentiable
maximum likelihood loss.
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Dataset Mistakes labels Domain Text Ego #videos Duration (hour)Level Granularity Descriptions

YouCook2 [47] × Cooking ✓ × 2,000 176
CrossTask [48] × Diverse × × 4,700 375
HowTo100M [24] × Diverse ✓ × 1.221M 134,472
EPIC-KITCHENS [6] × Cooking ✓ ✓ 432 55
BioVL [26] × Biochemistry ✓ ✓ 16 1.6

Assembly101 [34] Segment Coarse × Assembly × ✓ 1,425 167
ATA [13] Video Fine × Assembly × × 1,152 24.8
HoloAssist [42] Segment Coarse ✓ Assembly × ✓ 2,221 166
CaptainCook4D [28] Segment Fine ✓ Cooking ✓ ✓ 384 94.5
IndustReal [31] Segment Coarse ✓ Assembly ✓ ✓ 84 5.8
EgoPER [19] Segment Fine ✓ Cooking ✓ ✓ 386 28

EgoOops (Ours) Segment Fine ✓ Diverse ✓ ✓ 50 6.8

Table 1. Comparison of EgoOops and other datasets. EgoOops is the first dataset comprising video-text alignment, mistake labels, and their
descriptions in diverse domains. Level: mistake labels to a video or each temporal segment with start and end timestamps; Granularity:
coarse-grained (correct/correction/mistake) or fine-grained mistake classes; Descriptions: descriptions explaining why each segment is
incorrect; Text: videos accompanied by textual descriptions of actions.

These approaches focused on mistake detection only
from videos and did not utilize procedural texts. How-
ever, procedural activities are multi-modal, thus it is nat-
ural to input both videos and texts. Although most datasets
do not have video-text alignment, CaptainCook4D [28] and
EgoPER [19] contain video-text alignment and mistake la-
bels as with EgoOops. However, the domain of these stud-
ies is restricted to the cooking domain, and diverse do-
mains are not verified. In addition, their approaches also
rely on only videos, leaving the potential of texts unex-
plored. EgoOops is the first dataset that has video-text
alignment and mistake labels in diverse domains. In addi-
tion, this paper demonstrates the effectiveness of combining
both videos and texts for mistake action detection.

3. Dataset construction
Our EgoOops dataset consists of egocentric videos and

procedural texts. The dataset construction contains the fol-
lowing four steps: (1) task selection, (2) preparation of
procedural texts, (3) video recording, and (4) annotation
of video-text alignment, mistake actions, and their descrip-
tions.

3.1. Task selection

We aim to record procedural activities in diverse do-
mains with various mistake actions when following pro-
cedural texts. In addition, we aim to collect diverse mis-
take categories (e.g., unintentional action and working in
the wrong way). Based on these criteria, we selected the fol-
lowing five tasks: electrical circuits (EC), color mixture ex-
periments (CM), ionic reaction experiments (IR), toy block
building (BB), and cardboard crafts (CB). These tasks sat-
isfy the above criteria; the domains are diverse (e.g., elec-

tronics, chemistry, assembly, and crafts) and contain vari-
ous mistakes (e.g., unintentionally cutting off the cardboard
and using with wrong chemicals). In addition, the workers
should follow procedural texts to accomplish the task, and
the video duration ranges from a few to 30 minutes.

3.2. Preparation of procedural texts

We prepare procedural texts before recordings. For color
mixture experiments and cardboard crafts, we search the
web to collect procedural texts. For ion reaction exper-
iments and electrical circuits, we use procedural texts at-
tached to the out-of-the-box kits. For the toy block build-
ing, we write procedures from scratch because no resources
exist on the web. Based on these procedural texts, we re-
vise them to improve clarity (e.g. specify the tools to be
used). Note that all procedural texts were originally written
in Japanese, and we manually translated them to prepare the
English versions. From the preliminary tests, we found that
electrical circuits and toy block building were difficult to
complete only with the texts, thus we gave images of the
finished products to the workers.

3.3. Video recording

Participants and environments. Four Japanese graduate
students (4 males) performed the tasks following procedu-
ral text. They work on every task 2 or 4 times, totaling 10
recordings for each task. The participants were equipped
with a head-mounted camera Panasonic HX-A500 as shown
in Fig. 2. It is a 30 fps video camera with 4K RGB resolu-
tion. To avoid the influence of background changes, a desk
with objects, tools, and printed procedural texts is at the
same indoor place at every recording session. Participants
are recorded sitting for a close view of manipulated objects.
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Egocentric
Camera
Egocentric
Camera

Figure 2. Egocentric head-mounted camera on participants.

Figure 3. Raw visual cues of copper (left), zinc (center), and mag-
nesium (right) plates. Especially, zinc and magnesium are indis-
tinguishable.

Figure 4. Micro QR code on objects. It’s difficult to specifically
identify the short thin cuboids (left) and the long thin cuboids
(right) only from vision. Micro QR codes are useful for distin-
guishing them.

Micro QR codes. Detecting objects mentioned in proce-
dural texts from videos is crucial for identifying incorrect
actions. However, as shown in Fig. 3, some objects are
visually indistinguishable. Previous works [19, 25, 27, 31]
assumed manual annotations of the objects, yet it’s costly
and time-consuming. To address this issue, we attach Mi-
cro QR Codes [7] that encode the objects’ names as shown
in Fig. 4. In our experiments, we cannot utilize QR Codes,
thus our future work is to leverage QR Codes for mistake
action detection effectively.
Recording process. To record various mistake actions, par-
ticipants intentionally perform mistake actions that we as-
sume in advance (e.g., skipping several procedures). Out of
ten times to record videos, they try to follow correct pro-
cedures five times, and for the other five times, they try to
contain the intentional mistakes. We call the former correct
videos and the latter mistake videos. However, note that un-
intentional mistakes happened in some correct videos due to

carelessness.

3.4. Annotations

We annotate video-text alignment, mistake labels, and
their descriptions. One person annotates the whole dataset
using the web annotation tool1. Our annotation process has
three steps: (1) video-text alignment, (2) mistake labels, and
(3) descriptions explaining why they are mistakes.
Video-text alignment. We first annotate video-text align-
ment by extracting start and end timestamps (i.e., segments)
and mapping them to the corresponding steps. To reduce
the ambiguity of segment annotations, we define the seg-
ment period as the time of grasping the step-related objects
to the time of releasing them. Note that We also annotate the
steps not written in a procedural text as undefined ones. The
segments are matched with step labels. Note that any extra
segments that do not correspond to any steps in the procedu-
ral texts are labeled as undefined (e.g., grasping the wrong
object, correcting mistakes). Workers pause some steps and
resume them after others (split steps), skip necessary steps
(missing steps), and swap the order from the prescribed one
(out-of-order steps), which are kinds of order mistakes.
Mistake label annotation. We define mistakes as devia-
tions from the instructions in procedural texts. This defi-
nition leads to two types of mistakes: order mistakes and
execution mistakes. Order mistakes occur when there is
a discrepancy between the steps executed by workers and
the steps outlined in the procedural texts. These include
skipping, swapping, inserting extra steps, and splitting steps
into temporally distant segments. Execution mistakes occur
when the worker fails to follow an instruction. We classify
them into the following six types: 1. working with wrong
objects (object), 2. grasping wrong objects and releasing
them without using (mispick), 3. correction of mistake ac-
tions (correction), 4. unintended actions (accident), 5. per-
forming in the wrong way (way), 6. others (others).

Based on these criteria, if a segment indicates an exe-
cution mistake, we attach one of the six execution mistake
labels. Note that we do not attach order mistake labels be-
cause the video-text alignment itself reveals the order mis-
takes. For example, if step 2 occurs before step 1, these
steps are considered swapped. This categorization helps to
analyze mistake patterns across diverse tasks. For example,
we can analyze the frequency of mistakes in a specific task.
Descriptions. In addition, we attach descriptions to the seg-
ments with mistake labels to enable virtual assistants to ex-
plain why the actions are mistakes. To maintain the qual-
ity of the descriptions, a template for each mistake cate-
gory minimizes the use of modifiers, subjects, and articles.
The templates and detailed analysis of descriptions are de-
scribed in the supplementary materials.

1Our annotation tool is described in the supplementary materials.
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Task Videos Segments
#vid. Avg. (min) #seg. #seg. / #vid. Avg. (sec)

EC 10 3.2 98 9.8 15.4
CM 10 4.4 91 9.1 25.8
IR 10 5.4 95 9.5 29.7
BB 10 1.9 87 8.7 9.0
CB 10 26.1 167 16.7 86.7

Total 50 8.2 538 10.8 40.7

Table 2. Statistics of recorded videos.

Task #steps in a proc. text #words / #steps

EC 8.0 7.6
CM 8.0 17.0
IR 9.0 12.7
BB 7.0 18.6
CB 14.0 9.6

Table 3. Statistics of procedural texts.

4. Statistics

In this section, we first report video- and text-side statis-
tics on EgoOops, then describe mistake action statistics, and
finally report the annotation agreement to clarify the quality
of the annotations.

4.1. Videos and procedural texts

Videos. Table 2 shows comparisons of videos between
tasks. They have different trends between the tasks in terms
of video duration, segments, and the number of segments.
For video duration, the longest is the cardboard task at 26.1
minutes, while the shortest is the building block task at 1.9
minutes. The longest segment duration is also in the card-
board task at 87.7 seconds, while the shortest is in the build-
ing block task at 8.9 seconds.
Procedural texts. Table 3 shows comparisons of proce-
dural texts between tasks. They have similar trends to the
video statistics in terms of the number of steps in the proce-
dural text and the number of words per step. The task with
the most instructions is the cardboard task, while the task
with the longest instructions is the building block task.

4.2. Mistake actions

Table 4 shows comparisons of order and execution mis-
takes between tasks. 40%(= 92/230) segments are exe-
cution mistakes and others are order mistakes. Among the
order mistakes, we observe that splitting steps is the most
frequent. Table 5 shows the counts of the labels for execu-
tion mistakes. We observe some common patterns among
tasks. The most two frequent labels are grasping the wrong
objects and releasing them without use (label 2) and work-

Task Execution Order mistake
mistake Missing Out-of-order Split Undefined

EC 21 2 1 12 6
CM 22 1 2 3 9
IR 19 2 4 1 6
BB 18 0 3 6 10
CB 12 7 21 29 4

Total 92 12 40 51 35

Table 4. Comparisons of execution and order mistakes.

Task Mistake action class
1. object 2. mispick 3. correction 4. accident 5. way 6. others

EC 8 5 1 2 3 2
CM 4 8 0 2 5 3
IR 0 3 1 5 6 4
BB 2 5 5 1 5 0
CB 4 3 0 1 2 2

Total 18 24 7 11 21 11

Table 5. Statistics of mistake action labels.

ing in the wrong way or moving (label 5). In addition, we
also find that each task has unique mistake patterns (e.g.,
unintended actions frequently happen in ionic reaction ex-
periments while they do not appear in other tasks).

4.3. Agreement

We ensure the quality of the original annotations by test-
ing for agreement with another annotator. Because anno-
tating all of the samples is time-consuming, we randomly
choose one out of 10 videos per task. The process takes the
following two steps. For video-text alignment, the annotator
newly extracts segments and maps them to the correspond-
ing steps. Then, we ask them to annotate mistake labels and
descriptions. To evaluate the annotation quality, for video-
text alignment, we calculate the temporal Intersection over
the Union (tIoU) of segments. Note that we ignore the un-
defined steps for the calculation. We first calculate tIoU for
each step, average by videos, and finally average them as an
aggregated score. For mistake labels and descriptions, we
calculate Cohen’s kappa [4] and BERTScore [46], respec-
tively.
Results. We confirm that both annotations are high qual-
ity. For the video-text alignment, we achieve 88.8, indi-
cating a high agreement of alignment. For mistake labels
and descriptions, we achieve 86.8 Cohen’s kappa and 96.3
BERTScore, ensuring the high agreement of descriptions.

5. Application
Based on the constructed EgoOops dataset, we address

two application tasks: video-text alignment and mistake ac-
tion detection. Note that these two tasks are dependent. The
outputs of the video-text alignment are used for the mistake
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Step queries

Transformer
Decoder

StepFormerEgoVLPv2 visual encoder

Sequence-to-sequence alignment
Via Drop-DTW

Step 
slots

Procedural text

1. Draw auxiliary line…

2. Cut along the auxiliary…

3. Leave the ends of the …

4. Leave the ends of the …

EgoVLPv2 text encoderStep 
vectors

Self-supervised
Loss (global)

(original StepFormer)

StepFormer++ (additional loss)

+
Prediction

Ground
truth

Supervised frame-wise InfoNCE (Eq. (1))

Figure 5. An overview of StepFormer++.

action detection. Hence, we first describe the video-text
alignment and then mistake action detection.

5.1. Problem formulation

Let an untrimmed video and corresponding procedu-
ral text be (V,T). The video is written as V =
(v1, · · · ,vl, · · · ,vL) consists of L frames. The procedural
text is written as T = (t1, · · · , tk, · · · , tK). Given (V,T),
the objective is to find alignment between the video and pro-
cedural text. Specifically, for k-th step tk, the model finds
corresponding start and end timestamps yt = (sk, ek) in
the video as: Y = {yk = (sk, ek)| t ∈ [1,K]}, where Y
represents the alignment between the video and text.

Based on the alignment output, the next task is mistake
action detection. Let V′ = (vsk , · · · ,vek) be extracted
video frames based on k-th start and end timestamps yk.
Our objective is to classify the segment V′ into one of the
labels M = {m1, . . . ,mn, . . . ,mN}, where N and mn

represents the number of labels and a type of labels. We ini-
tially used the seven labels (six labels in Sec. 3.4 plus “cor-
rect” labels) to train a model. However, our preliminary ex-
periments revealed that the model struggled to classify the
segments accurately mainly due to the lack of training sam-
ples. Hence, we group mistakes except for “3. correction”
into “mistake” and define the tasks as three label classifica-
tion (N = 3): “correct,” “mistake,” and “correction.”

5.2. Video-text alignment

For video-text alignment, we enhance StepFormer by
introducing an additional loss function, resulting in Step-
Former++. We will first provide an overview of the original
StepFormer and then explain how we extend it.
StepFormer. StepFormer was originally proposed for
learning video-text alignment from untrimmed web videos
in a self-supervised manner [10]. It was trained on
HowTo100M [24], which consists of video and narration
pairs. StepFormer includes Transformer [41] decoders and
learnable U step queries. Given video features extracted
from UniVL [21], the Transformer decoder fuses the step
queries and video features, producing U contextualized vec-

tors called step slots. Using the step slots and narration vec-
tors extracted from UniVL, a sequence-to-sequence align-
ment is achieved via Drop-DTW [9]. Based on this align-
ment, the loss is calculated as InfoNCE [40] at both local
(same video-narration pairs) and global (different video-
narration pairs) levels. During inference, StepFormer can
detect key segments without narrations. Specifically, given
video features and U step slots, Drop-DTW selects mean-
ingful slots to describe the video and drops outlier elements.

We select StepFormer because self-supervised pre-
training of StepFormer can mitigate the negative impact of
the small size of EgoOops. In our experiments, instead
of HowTo100M, we pre-train StepFormer on Ego4D with
EgoVLPv2 [29] features to fill the domain gap between
web and egocentric videos. Because Ego4D is a massive-
scale egocentric video dataset accompanied by transcrip-
tions [14], we can train StepFormer as the same training
procedure as the original one.
StepFormer++. We modify StepFormer with additional
loss to train it on EgoOops in a fully supervised set-
ting by leveraging video-text alignment annotations. Fig-
ure 5 shows an overview of StepFormer++. The overall
process is the same as the original StepFormer. Given
(V,T), the model first extract video and text features
using EgoVLPv2 instead of UniVL and obtain video
Hv = (h1

v, · · · ,hl
v, · · · ,hL

v ) and step features Ht =
(h1

t , · · · ,hk
t , · · · ,hK

t ). Then, the Transformer decoder
fuses Hv and slot queries, producing step slots S =
(s1, . . . , su, . . . , sU ). Finally, the model acquires the video-
text alignment via Drop-DTW by computing a similarity
matrix of S and Ht. The InfoNCE loss is computed at only
global (different video-narration pairs) level.

Instead of the local loss, we add a new loss to the
StepFormer based on video-text alignment annotations and
propose StepFormer++. Based on the selected step slots
Ŝ = (ŝ1, . . . , ŝk, . . . , ŝK) after Drop-DTW2, we train the
model to align the step slots to the start and end timestamps
(sk, ek). Specifically, this is calculated using the InfoNCE
framework:

Lsupervised(ŝk,yk,V) = − log

∑
j∈[sk,ek]

f(ŝk,vj)∑
l f(ŝk,vl)

, (1)

where f(ŝk,v∗) = exp(cos(ŝk, v̂∗))/γ and γ is a scaling
temperature. We add this loss to the original ones and train
the model on EgoOops.

5.3. Mistake action detection

Based on the alignment results, we tackle the mistake
action detection. To achieve this, we input the video and
text to a multi-modal classifier to predict the label.

2Note that the number of steps is obvious when referring to the proce-
dural text; thus we use it for Drop-DTW.
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Multi-modal classifier. Given predicted video segment V′

and k-th step tk, the model predicts the label. Specifi-
cally, the model first convert V′ and tk into video H′

v =
(hst

v , . . . ,het
v ) and text features hk

t using EgoVLPv2. Then,
it computes the mean of H′

v , concatenate the averaged vec-
tor with hk

t , and forward it into two-layer perceptrons g with
ReLU function as: zt = g(concat(mean(H′

v),h
k
t )), where

zt = (z1t , · · · , znt , · · · , zNt ) represents the logit per label.
The model applies the argmax operation on the zt and out-
puts the prediction label.
Training. To train the model, we use the class-balanced
cross-entropy loss [5] because the frequency of the “cor-
rect” label is much higher than other labels. Specifically,
using zt, the loss is calculated as:

Lclassification(zt) = − 1− β

1− βrmn
log

exp(zmn
t )∑

j exp(z
mj

t )
, (2)

where rmn is the number of training samples belonging to
the label mn, and β ∈ [0, 1) is a hyperparameter. We adopt
teacher forcing [15, 41] as a training strategy. Specifically,
we input the ground-truth segment of the t-th step to the
model, rather than the predicted ones to stabilize training.

6. Experiments
6.1. Experimental settings

Splits. Our EgoOops dataset is relatively small compared to
other action mistake datasets. To ensure reliable results, we
perform 5-fold cross-validation. We divide the 50 videos
into a 30/10/10 split for training, validation, and testing, re-
spectively. We report the average test-set scores using the
model weights that achieve the highest performance on the
validation set. To construct folds, we pay attention to the
two points. First, each validation and testing fold contains
one correct and one mistake video for every task, totaling
10 videos. Second, each fold consist of the same workers’
videos as following the group k-fold [32]. This allows us to
test the models on unseen worker’s activities, minimizing
the bypass possibility to learn the worker-specific features
to detect mistakes.
Evaluation on video-text alignment. For evaluation on
video-text alignment, we follow previous work [10,35] and
utilize frame-wise precision, recall, F1, and Mean over
Frames (MoF). Precision is the ratio of correctly predicted
frames to the total number of frames predicted as step seg-
ments. Recall is the ratio of correctly predicted frames to
the total number of step segment frames in the ground truth.
The F1 score is the harmonic mean of precision and re-
call. MoF represents the percentage of correctly predicted
frames, including those without step labels.
Evaluation on mistake action detection. For mistake
action detection, we evaluate classification performance
for the segments localized by the video-text alignment

model. To this end, we follow temporal action localization
(TAL) [3, 6, 17, 36, 45] and evaluate mean average preci-
sion (mAP) at different tIoU thresholds from 0.1 to 0.3 by
0.1. Note that mAP computes the mean of average previ-
sion across all mistake action classes (Sec. 5.1) except for
the “correct” label because we focus on mistake detection
performance. Note that we compare the mistake labels only
if the predicted segments correspond to the same step as the
ground truth. This approach evaluates the system appropri-
ately in terms of both step and mistake labels.

Baselines for video-text alignment. For video-text align-
ment, we compare StepFormer++ with the original Step-
Former [10]. We evaluate two versions. First, we use Step-
Former pre-trained on Ego4D and utilize it in a zero-shot
manner. We call it StepFormer (ZS). Second, we fine-tune
it on EgoOops in a self-supervised manner with losses pro-
posed in [10]. We call it StepFormer (SS).

Baselines for mistake action detection. We do not adopt
existing mistake detection methods as baselines because
they do not fit our settings. For instance, Assembly101 [34]
and CaptainCook4D [28] assume trimmed video clips as
inputs, while our task assumes untrimmed videos. The
method in [33] focuses on ordering mistakes in the videos
and does not address execution mistakes. EgoPED [19] is
the closest to our setting as it predicts both segments and
mistake labels. However, their method is based on anomaly
detection, predicting binary labels of “correct” and “mis-
takes,”; thus it cannot predict the three classes of “correct,”
“mistakes,” and “correction.”

Therefore, instead of existing mistake action detection
models, we compare our method with the recent TAL
model, ActionFormer [45]. This is because TAL operates
under similar conditions, where the models detect both tem-
poral segments and their action labels. In our experiments,
we train ActionFormer to predict mistake labels for the de-
tected segments, instead of action labels as in the original
settings. For a fair comparison, we apply NMS to retain as
many segments as the ground truths. In addition, since our
metrics require step labels, we assign them to the segments
in order from the start to the end of the videos. Note that
the inputs for TAL are videos only.

Implementation details. We follow the official implemen-
tation of StepFormer and utilize the same hyperparame-
ters. We set the number of step queries to be U = 32
and the batch size to be 6 for fine-tuning StepFormer++
on EgoOops. The video and text feature dimension of
EgoVLPv2 is d = 4, 096. We use Drop-DTW with an 80
percentile drop cost [9] for the alignment between the step
slots and video features. We set γ = 0.03 in the InfoNCE
loss and β = 0.9999 in the class-balanced loss. For the mis-
take action detection, we train the classifier in 1,200 epochs.
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Methods F1 Prec. Rec. MoF

StepFormer (ZS) [10] 24.1 24.6 23.7 24.9
StepFormer (SS) [10] 26.1 26.6 25.7 27.0
StepFormer++ (ours, FS) 28.1 28.4 27.9 28.1

Table 6. Results of video-text alignment. ZS: zero-shot, SS: self-
supervised, FS: fully supervised.

Methods mAP@tIoU
0.1 0.2 0.3 Avg.

ActionFormer [45] 1.8 0.1 0.1 0.7
StepFormer++ w/ MLP (ours) 2.5 2.6 2.5 2.5

GT steps (ours, oracle) 34.7

Table 7. Results of mistake action detection. As an oracle baseline,
GT steps feed the classifier with ground-truth step segments to
show the upper bound on complete video-text alignment. Note
that TAL is a video-only task.

Inputs to classifier Avg. mAP Avg. mAP (oracle)Video Text

✓ 0.3 4.7
✓ ✓ 2.5 34.7

Table 8. Ablation study of inputs to the mistake action classifier
of our methods.

6.2. Quantitative results

Video-text alignment. Table 6 shows the video-text align-
ment results. These results indicate that StepFormer++
achieves an F1 score of 28.1. This is higher than both
the zero-shot and self-supervised versions of StepFormer,
which have F1 scores of 24.1 and 26.1, respectively. There-
fore, we confirm the effectiveness of StepFormer++.
Mistake action detection. Table 7 shows the results of mis-
take action detection. The results indicate that the proposed
method achieves an average mAP of 2.5, which is higher
than ActionFormer’s 0.7. However, when compared with
the oracle that uses ground truth step segments, an mAP
of 2.5 is significantly lower. This suggests that improving
video-text alignment performance is essential for achieving
higher performance in mistake action detection.
Ablation study. Table 8 presents the ablation study of in-
put modalities for mistake action detection to investigate the
importance of procedural texts. From the results, we ob-
serve that combining both videos and texts as input achieves
an mAP of 2.5. In contrast, using only videos results in an
mAP of 0.3. This demonstrates the importance of incorpo-
rating both videos and procedural texts into the classifier for
effective mistake action detection.

Figure 6. Qualitative results of video-text alignment.

Put three copper plates on the left column of the 
microplate using the pair of tweezers.

Pred: mistake, GT: mistake

(a) Success case.

Pour about 15mL of water into a cup, dip the tip of a 
yellow highlighter in the water and squeeze out a drop.

Pred: mistake, GT: correct

(b) Failure case.

Figure 7. Qualitative results of mistake detection. Text boxes be-
low show the predicted steps.

6.3. Qualitative results

Figure 6 shows video-text alignment results of Step-
Former (SS) and StepFormer++. While the self-supervised
StepFormer fails to align video segments and text steps,
StepFormer++ can correctly find the alignment, demon-
strating the effectiveness of the supervised alignment loss.

Figure 7 shows examples of success and failure cases of
mistake action detection. The correct video-text alignment
is essential for this task. Because the incorrect alignment
hurts the model’s prediction, we need to improve the align-
ment scores continuously.

7. Conclusion
This paper proposed the EgoOops dataset, which con-

sists of egocentric videos of workers performing five dif-
ferent tasks, procedural texts, and three types of annota-
tions: video-text alignment, mistake labels, and descrip-
tions. The mistake labels revealed both common and unique
mistake patterns across the tasks. Based on EgoOops, we
addressed video-text alignment and mistake action detec-
tion, proposing StepFormer++ and a multi-modal classi-
fier built upon it. The experimental results demonstrated
that our method performs better than baselines. Our abla-
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tion study showed the effectiveness of the procedural texts.
Future work with EgoOops includes improving the perfor-
mance on both video-text alignment and mistake action de-
tection. We currently do not use QR Codes, but they could
be instrumental in achieving this by incorporating object
names into the model.
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A. Annotation Tool

Figure 1 shows an annotation web tool, which consists of
four panes: video player, procedural text, annotation form,
and annotation list. In the video player and procedural text
panes, the annotators can watch the video and read the pro-
cedural text. For video-text alignment annotations, we im-
plemented a feature that allows them to move one second
backward or forward in the video. In the annotation form
pane, the annotators attach video-text alignment, mistake
labels, and descriptions. For video-text alignments, anno-
tators select the steps corresponding to the video segments.
For mistake labels, annotators choose from predefined la-
bels. For descriptions, annotators write explanations detail-
ing why the segments are mistakes. In the annotation list
pane, the annotators can view the annotation results. They
can also edit or delete them by clicking on them.

B. Detailed analysis of descriptions

Description template. Table 1 shows description tem-
plates. The descriptions are written in English based on the
templates, which are created based on mistake label cate-
gories. Figure 2 shows description examples annotated us-
ing the description templates.
Verb and noun distributions. Figure 3 shows the
verb/nouns distributions of descriptions. We extract verbs
and nouns using spaCy1 based on en core web trf.
Note that for descriptions with the mistake labeled as “1.
object” or “5. way”, we ignore the phrase after “but” be-
cause this phrase is not a mistake but rather a correct de-
scription.

Regarding verbs, the top two verbs, “grasp” and “use,”
are the words in the templates. The third most frequent verb

1https://spacy.io/

is “put,” indicating mistakes related to the location and di-
rection of objects (e.g., “put batteries in the wrong direc-
tion” in the electrical circuits). These descriptions can be
confirmed in Fig. 2a. Regarding nouns, “liquid” and “plate”
are the most frequent. These mistakes are common in color
mixtures and ionic reactions (e.g., “use yellow liquid but
should use green liquid” in the color mixture in Fig. 2b.
“Block” and “switch” are the third frequent two nouns, rep-
resenting mistakes in building blocks and electrical circuits,
respectively.
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Video player Procedural text

Annotation form

Annotation list

Figure 1. Overview of annotation tool. An annotator can watch a video (upper left) and read a procedural text (upper right). In the
annotation form (middle), the annotator attaches video-text alignment, mistake labels, and descriptions. The annotations are stored in the
annotation list (bottom).

Mistake label Description
1. object Use {wrong object} but should use {correct object}
2. mispick Grasp {wrong object}
3. correction Correct error in step {step number}
4. accident {verb} (+{object})
5. way {verb} {object} {adverb} but should {verb} it/them {adverb}
6. others Free writing. Multiple sentences are allowed to describe multple mistakes.

Table 1. Description templates.
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(a) Described as “put batteries in the wrong direc-
tion.”

(b) Described as “use yellow liquid but should use
green liquid”.

(c) Described as “drop copper plates on the table
then pick them up with fingers.”

Figure 2. Examples of mistake descriptions with video segments.

(a) Distribution of verbs. (b) Distribution of nouns.

Figure 3. Distribution of verbs and nouns in mistake descriptions.
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