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Figure 1. An example task (cardboard) from our 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 is crucial for developing intelli-
gent archives that detect workers’ errors and provide feed-
back. Existing studies have focused on visually apparent
mistakes in free-style activities, resulting in video-only ap-
proaches to mistake detection. However, in text-following
activities, models cannot determine the correctness of some
actions without referring to the texts. Additionally, cur-
rent mistake datasets rarely use procedural texts for video
recording except for cooking. To fill these gaps, this pa-
per proposes the EgoOops dataset, where egocentric videos
record erroneous activities when following procedural texts
across diverse domains. It features three types of annota-
tions: video-text alignment, mistake labels, and descrip-
tions for mistakes. We also propose a mistake detection ap-
proach, combining video-text alignment and mistake label
classification to leverage the texts. Our experimental re-
sults show that incorporating procedural texts is essential
for mistake detection. Data is available through https :
//y—haneji.github.io/EgoOops—project -

2690

page/.

1. Introduction

Procedural activities are common in daily life and expert
fields, such as assembly, experimentation, and cooking.
People often carry them out by following procedural texts
in the real world. During this process, mistakes negatively
impact quality, speed, cost, and safety. Common mistakes
include skipped necessary steps or wrong execution ways,
which can sometimes result in life-or-death situations. One
promising solution to this problem is to develop an intelli-
gent video archive that records workers’ activities, detects
their mistakes, and shows them the mistake clips to prevent
recurrences.

The intelligent video archives are developed using video
datasets recording workers’ steps in detail. Many egocentric
video datasets [1, 5, 10, 16, 22, 24, 26,27, 31, 38] have been
proposed by equipping a worker with an egocentric camera
to capture activity details. Previously, most datasets were
interested in correct execution of activities [1, 5, 10, 22, 26].



Table 1. Comparison of mistake datasets. Range: mistake labels to a video or each step segment with start and end times; Cat.: finer-
grained categorization than correct, mistake, and correction; Desc.: descriptions explaining why each segment is incorrect; OM, EM: order
mistakes, execution mistakes (see Sec. 3.1); Proc.: workers follow step-by-step procedural texts. *Domain specific (e.g., extra screws).

TOrders unseen in the training set, not always faulty.

Mistake annotations . . .
Dataset Range Cat Desc. OM EM Domain  Proc. Ego #videos Duration (hour)
Assembly101 [31] Segment X X v X | Assembly X v 1,425 167
ATA [9] Video Ve X val v Assembly X X 1,152 24.8
HoloAssist [38] Segment X v X v' | Assembly X v 2,221 166
IndustReal [27] Segment X v v v' | Assembly X v 84 5.8
EgoPER [16] Segment V' v v v Cooking v v 386 28
CaptainCook4D [24] | Segment v * v v v Cooking v v 384 94.5
EgoOops (Ours) | Segment v/ v v v | Diverse v v 50 6.8

Some recent studies have also included and annotated mis-
take actions in their assembly [9, 27, 31, 38] and cook-
ing [16, 24] video datasets. Using these mistake video
datasets, researchers have proposed mistake detection ap-
proaches [8, 9, 16, 24, 29, 31].

However, these studies have the following three limita-
tions (see Tab. 1). L1: video-focused approaches. Ex-
isting studies [8, 9, 13, 16, 24, 29, 31] have focused on
video-only approaches to mistake detection and not utilized
procedural texts. Their approaches are suitable for visually
apparent mistakes like incorrectly attached parts and falling
plates. Nevertheless, in text-following activities, some mis-
takes are deviations from procedural texts, thus not obvi-
ous only from visual cues (e.g., in Fig. 1, the use of tape
is a mistake because the text designates glue). Therefore,
besides videos, texts are essential for models to detect mis-
takes accurately. L2: specific domains. Procedural texts
are included in only a few mistake datasets recording cook-
ing [16, 24]. Since many real-world activities follow pro-
cedural texts, it is essential to collect data from more do-
mains. L3: rough mistake labels. Most datasets define
coarse-grained (correct/mistakel/correction) [27, 31, 38] or
domain-specific (e.g., extra screws) [9, 24] categories. Gen-
eral and fine-grained categorization enables analysis of mis-
take patterns across diverse domains (e.g., a commonly fre-
quent category of mistakes).

To address these issues, we propose a novel dataset
called EgoOops (see Fig. 1), where egocentric videos
record erroneous activities when following procedural texts
(L1) across diverse domains (L2). Given the collected
videos and texts, we perform the following three steps for
annotations. First, we align steps in the procedural text with
video segments (i.e., start and end timestamps). Second, if a
segment contains a mistake action, we categorize it into six
mistake classes (L3). Finally, the segments assigned mis-
take labels are provided with descriptions of why the actions
are considered mistakes. As for the size and tasks, EgoOops
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contains 50 egocentric videos totaling 6.8 hours across five
tasks of new domains: electrical circuits, color mixture ex-
periments, ionic reaction experiments, toy building blocks,
and cardboard crafts.

We also propose an approach to the problem of mistake
action detection, especially focusing on the utilization of
procedural texts (L1). To leverage the texts, our approach
combines video-text alignment and mistake label classifi-
cation; the former localizes the start and end times of each
procedural step, and the latter assigns the step segments one
label of mistake classes. In experiments using EgoOops,
our multi-modal approach outperforms a video-only base-
line, and the ablation of textual inputs decreases our perfor-
mance. These results demonstrate that incorporating proce-
dural texts is essential for mistake detection. Additionally,
we test existing mistake classifiers and multi-modal large
language models for the classification problem. As for the
alignment problem, we compare our fully-supervised ap-
proach with zero-shot and self-supervised ones. The results
confirm that EgoOops targets novel domains of procedural
activities and contains useful alignment annotations.

2. Related work

In this section, we compare EgoOops with other datasets in
terms of two perspectives: procedural activity dataset and
mistake action dataset.

2.1. Procedural activity datasets

Procedural activity understanding is an important capabil-
ity for enhancing smart systems, such as AR/VR assis-
tants [38] and intelligent archives. In particular, aligning
a sequence of step instructions with a video (i.e., video-text
alignment) is fundamental. To support research in this di-
rection, a variety of procedural activity datasets have been
developed. While early datasets collected third-person per-
spective videos accompanied by textual descriptions of each
timestep from YouTube [20, 34, 41], recent datasets focus



on first-person (egocentric) videos that capture fine-grained
details of workers’ activities [1, 5, 10, 17, 22, 26, 33]. For
example, EPIC-KITCHENS [5] dataset consists of 432 ego-
centric videos with step instructions in the cooking domain,
including start and end times for each segment. Our dataset
provides similar video-text alignment annotations as exist-
ing datasets, but distinguishes itself by focusing on erro-
neous actions, thereby enabling the study of error detection
within procedural activities.

2.2. Mistake action datasets

Mistakes are critical in procedural activities, as they can
propagate through subsequent steps and significantly affect
task success. This has led to the development of various
datasets (see Tab. 1). These datasets are categorized into
free-style and text-following settings.

In free-style activity datasets [9, 27, 31, 38], workers aim
to complete goals not relying on procedural texts. For ex-
ample, Assemblyl01 [31] records toy assembly and anno-
tates segment-level labels of correct, mistake, and correc-
tion. Building on such datasets, previous studies have pro-
posed various approaches to find mistakes in videos [8, 9,
29, 31, 38]. These approaches rely only on videos because
mistakes in free-style activities are mainly visually apparent
such as incorrectly attached parts and dropped screws.

Another line of studies records workers following pro-
cedural texts in their datasets [16, 24]. EgoPER [16] an-
notates recipe-execution videos with order and execution
mistakes, and CaptainCook4D [24] proposes categorization
specific to cooking (e.g., temperature error). One prob-
lem is that they still do not utilize procedural texts to find
mistakes in videos. In text-following activities, some mis-
takes are deviations from procedural texts, thus the texts
are essential for models. In addition, to the best of our
knowledge, no datasets besides cooking involve procedu-
ral texts, whereas many real-world activities follow them.
Our EgoOops dataset annotates video-text alignment and
mistake labels across diverse domains, promoting the uti-
lization of texts in mistake detection.

3. EgoOops dataset

EgoOops dataset provides procedural activity videos in-
cluding erroneous work and annotations for these mis-
takes. The activities are performed by following instruc-
tional steps of procedural texts in order. In this section,
we first define mistakes and then describe task selection,
video recording, and annotations. Finally, dataset statistics
are provided.

3.1. Mistake definition

We define mistakes as “deviations from instructional steps.”
Out of mistake types that meet this definition, we consider
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executions mistakes in this study.'

Execution mistakes occur when a worker misinterprets
and executes steps. We classify the execution mistakes into
the six types of errors:

1. Incorrect-object-use (Object) executes a step with a dif-
ferent object specified in the text. This includes cases
when the incorrect number of objects is used.

. Incorrect-object-picking (Mispick) picks up an incor-
rect object, but the worker recognizes the mistake and
releases the object. This mistake does not execute a step,
unlike incorrect-object-use.

. Self-correction (Correction) recognizes and corrects
mistakes in a step that has been executed in a wrong way.

. Accidental-mistakes (Accident) causes accidental hap-
penings mainly due to carelessness.

. Wrong-way (Way) picks a correct object but executes a
step in a way that misaligns with the instruction in the
text.

. Other-mistakes (Others) induces other types of mis-
takes. This also includes cases where multiple types of
the above mistakes occur simultaneously.

3.2. Task selection

To capture a broad range of mistake types described in
Sec. 3.1, we construct the EgoOops dataset with activity
videos from diverse domains. Accordingly, we select the
following five tasks:

Electrical circuits (EC): Connecting electrical elements
to complete an electrical circuit that turns a propeller.
Color mixture experiments (CM): Examining the color
of various solutions of detergent and fluorescent paint
when illuminating them with a blacklight.

Ionic reaction experiments (/R): Examining ionic reac-
tion by dropping chemical solutions to metal plates.

Toy building blocks (BB): Piling up building blocks to
construct the specified structure.

Cardboard crafts (CB): Crafting Omikuji
Japanese random fortunes, from cardboard.

We prepare procedural texts for each task as follows: CM
and CB use procedures collected from the web; IR and EC
use instruction manuals included with out-of-box kits; BB
uses a procedure that we manually write from scratch.

boxes,

3.3. Video recording

We asked four graduate students to perform the tasks based
on the procedural texts. To record their activities, a head-
mounted camera (Panasonic HX-A500) was used (Fig. 2).
The egocentric videos were recorded at 30 fps with 4K RGB
resolution. We chose the egocentric perspective to cap-

Other types of mistakes such as order mistakes (e.g., skipping and
reordering steps) may also occur during activities, but we focus on the
execution mistakes which are our main concern. We leave the study of the
other types of mistakes to future work.
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Figure 2. Egocentric head-mounted camera on participants.

ture the participants’ visual attention and fine-grained hand-
object interactions, which are critical for modeling proce-
dural understanding. During the recordings of EC and BB,
images of the final products were given to the participants.’
To avoid the influence of background changes, we fixed the
initial locations of the objects, tools, and printed procedural
texts. Further, the participants were instructed to work in
the chair to capture manipulated objects in detail.

Each participant was asked to perform each task two or
four times, totaling 10 recordings per task. For each task,
five of 10 recordings contain mistakes that the participants
performed intentionally. For the other five recordings, the
participants were asked to follow the procedural texts avoid-
ing mistakes. Note that the latter five recordings still contain
mistakes due to their careless errors.

3.4. Annotations

EgoOops provides annotations of video-text alignment,
mistake labels, and textual descriptions of the mistakes.

Video-text alignment refers to the segments in the
recorded videos, and each segment is represented as a start
and end timestamp. Each segment corresponds to a human
action, which is a step in the procedural text or a mistake
(e.g., grasping the wrong object).

Mistake labels are assigned to segments that correspond
to execution mistakes. A mistake label is one of the six
mistake types in Sec. 3.1. In addition to the mistake labels,
we also provide textual descriptions of why the performed
actions are considered mistakes.

We asked two persons for annotation, who are
called annotator-A and annotator-B to avoid confusion.
Annotator-A was asked to annotate the whole dataset us-
ing a web annotation tool that we developed. After the an-
notation, annotator-B was asked to annotate several videos
from the dataset again to calculate inter-annotator agree-
ments. For video-text alignment, annotator-B extracted seg-
ments from videos and mapped them to the corresponding
step labels. The temporal Intersection over the union (tloU)
to the original segments was then calculated. For mis-
take labels and descriptions, annotator-B was asked to pro-

2Qur preliminary experiments showed these tasks were difficult to com-
plete only with the texts.
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Table 2. Statistics of recorded videos and procedural texts.

Videos Segments Texts

Task . Avg. ) #seg. Avg. | #steps  #words

#id. (min) fseg. /#vid. (sec) | pertext /#steps
EC 10 32 98 9.8 154 8 7.6
CM 10 4.4 91 9.1 258 8 17.0
IR 10 54 95 9.5 297 9 12.7
BB 10 1.9 87 8.7 9.0 7 18.6
CB 10 26.1 167 16.7 86.7 14 9.6
All \ 50 8.2 \ 538 10.8  40.7 \ 9.2 13.5

vide mistake labels and descriptions based on the segments
annotator-A annotated. The labels and descriptions between
the annotators were compared using Cohen’s kappa [3] and
BERTScore [40]. The tIOU was 88.8, and Cohen’s kappa
and BERTScore were 86.8 and 96.3, respectively, ensuring
that the annotations of the dataset are consistent.

3.5. Statistics

In this section, we first report video- and text-side statis-
tics on EgoOops, then discuss mistake label statistics. The
statistics of mistake descriptions are written in the supple-
mentary materials.

Table 2 shows different trends between the tasks in terms
of video duration, segment duration, and the number of seg-
ments. 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. As for the texts, Tab. 2 compares the num-
ber of steps in a procedural text and the number of words
per step. The task with the most steps is the cardboard task,
while the task with the longest instructions is the building
block task. These statistics indicate that EgoOops covers a
variety of procedural tasks ranging from short to long.

Table 3 shows the counts of the labels for execution
mistakes. In total, EgoOops contains 95 execution mis-
takes. Counting the number of each type of mistake, the
two most frequent labels are incorrect-object-picking (label
2) and wrong-way (label 5). In addition, we also find unique
mistake patterns of each task. For example, accidental-
mistakes (label 4) frequently happen in ionic reaction exper-
iments but rarely in the other tasks. We expect the reason is
that the ionic reaction experiments involve moving a small
metal piece with tweezers and dropping solution into a nar-
row space. Overall, many execution mistakes occur in the
videos of EgoOops, and the tasks have their own frequent
mistake types.

4. Application: mistake action detection

We propose a text-oriented approach to mistake action de-
tection. This section formalizes the problem as consisting
of video-text alignment and mistake label classification and
explains our approach to them.



Table 3. The number of mistake labels.

Task Mistake label

1. Object 2. Mispick 3. Correction 4. Accident 5. Way 6. Others
EC 9 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 1
CB 5 3 0 1 2 2
Total \ 20 24 7 11 21 12

4.1. Problem formalization

Mistake action detection consists of two problems in our
formalization: video-text alignment and mistake label clas-
sification. It leads to localizing temporal segments and
classes of mistakes in a video.

Given an untrimmed video V. = (f1,...,fy) and the
corresponding procedural text T = (t1,...,tx), our first
problem is video-text alignment. Here, V consists of L
frames, and T includes K steps of instructions. For k-th
step ty, our goal is to localize the start and end frame num-
bers (sg, €x)-

The alignment outputs are passed to the next problem of
mistake label classification, which predicts a mistake label
for each step segment. The k-th step segment is represented
by extracted video frames based on the start and end frame
numbers as V|, = (fs, , ..., ;). Our objective is to assign
the segment V, one label of mistake classes (c1,...,cn),
where c,, and N represent the name of the n-th class and the
number of the classes, respectively. In our experiments, we
group the mistakes except for 3. correction (see Sec. 3.1)
into the common mistake class and solve the classification
of three classes: correct, mistake, and correction. >

4.2. Video-text alignment

For video-text alignment, we enhance an existing model of
StepFormer [7] by introducing an additional fully super-
vised loss function, termed StepFormer++. We first provide
an overview of the original StepFormer and then explain
how we extend it.

Preliminary: StepFormer. StepFormer was originally
proposed for learning video-text alignment from untrimmed
videos accompanied by narrations in a self-supervised man-
ner [7]. StepFormer is a Transformer decoder [36] equipped
with U learnable queries. Given video features extracted
using UniVL [19], the queries attends to the video features,
producing U contextualized vectors called step slots, which
capture key steps in the video. The step slots temporally
align with narration vectors extracted using UniVL, where
they use a sequence-to-sequence alignment algorithm Drop-
DTW [6]. Considering this alignment as positive pairs, the
loss to supervise the step slots is calculated as contrastive

30ur preliminary experiments showed that distinguishing the seven
classes (six classes in Sec. 3.1 plus the correct class) is difficult currently.
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one InfoNCE [35] at both local (same video-narration pairs)
and global (different video-narration pairs) levels. During
inference, StepFormer can temporally localize the video
segment of each step instruction (i.e., video-text alignment).
Specifically, the extracted step slots align with the step in-
structions in procedural texts, allowing unmatched slots to
be dropped. Next, the remaining slots are aligned with the
video to identify the start and end times of each step. In
these alignment processes, Drop-DTW is used again.
Pre-training. We select StepFormer because its self-
supervised learning can be used for pre-training to miti-
gate the negative impact of the small size of EgoOops. In
the original paper [7], StepFormer is trained on untrimmed
web videos and narrations in HowTolOOM [20] using
UniVL [19] features. Instead, we train it on Ego4D [10] us-
ing EgoVLPv2 [25] features to fill the domain gap between
web and egocentric videos. Ego4D is a massive-scale ego-
centric video dataset accompanied by transcriptions [10],
hence we can pre-train StepFormer following the same pro-
cedure as the original one.

StepFormer++. The pre-trained model is fine-tuned on
EgoOops with an additional loss to train StepFormer in a
fully supervised setting by leveraging the video-text align-
ment annotations. Figure 3 shows an overview of the result-
ing model StepFormer++. The overall process is the same
as the original StepFormer. Given (V,T), the model first
extracts video H, = (hl,... h! ... hL) and text H; =
(h},...,h¥ ... hE) features using EgoVLPV2 instead of
UniVL. Then, the Transformer decoder makes slot queries
attend H,, producing step slots S = (sg, .. ., SU).
Finally, the model acquires the step-text alignment via
Drop-DTW by computing a similarity matrix of S and H,.
The step-text alignment is used to compute the original loss
at only the global (different video-narration pairs) level. In-
stead of the local (same video-narration pairs) loss, we add
a new loss to the StepFormer for learning from video-text
alignment annotations. After Drop-DTW between the slots
and step instructions”, we supervise the remaining step slots
S = ($1,.--,8k,...,8K) to match with the start and end
frame numbers (s, ex). Specifically, this is calculated us-
ing the InfoNCE framework:

Sy, .-

Zje[sk,ek] f(élw h%)
22 f(8k,hy)
where f(8g,h}) = exp(cos(8k, h}))/v, and v is a scaling

temperature. We add this loss to the original ones, and the
pre-trained model is fine-tuned on EgoOops.

—log )

Esupervised (éka H’U) =

4.3. Mistake label classification

Multi-modal classifier. Given a pair of predicted video
segment V’ and k-th step instruction tg, the model pre-

4We leave the same number of slots as the steps in the procedural text.
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Figure 3. An overview of StepFormer++.

Ground
truth

dicts the mistake label. Specifically, the model first con-
vert V/ and ty, into video H! = (h3t,... h) and text
h} features using EgoVLPv2. Then, it computes the mean
of H/, concatenates the averaged vector with h*, and for-
wards it into a two-layer perceptron g with ReLU func-
tion as following: z;, = g(concat(mean(H/), h¥)), where
7 = (z},...,27, ..., 2% represents the logits for classes,
and NV is the number of the classes. The model applies the
argmax operation on z and outputs the prediction label.
Training. To train the model, we use the class-balanced
focal loss [4] because the frequency of the mistake and cor-
rection labels is lower than the correct label. Specifically,
using z;, the loss is calculated as following:

_ 1=
1 — BTC’IL

exp(z;")

log —
Z]‘ exp(z,”)

where 7., is the number of training samples belonging to
the class ¢, and 8 € [0, 1) is a hyperparameter. We adopt
teacher forcing [11, 36] as the training strategy. Specifi-
cally, we input the ground-truth segment of the ¢-th step to
the model to stabilize training whereas the predicted ones
are used for testing.

2)

L:classiﬁcation (Zt) =

4.4. Implementation details.

We follow the official implementation of StepFormer and
use the same hyperparameters as stated in [7] unless we
mention modifications. 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 di-
mension of EgoVLPv2 is d = 4,096. We use Drop-DTW
with an 80 percentile drop cost [6] to align the step slots
and video features. We set v = 0.03 in the InfoNCE loss
and 5 = 0.9999 in the class-balanced loss. For the mistake
label classification, we train the classifier in 1,200 epochs.

5. Experiments

We first report an end-to-end performance on mistake action
detection in Section 5.1. We then conduct in-depth experi-
ments on video-text alignment and mistake label classifica-
tion individually in Section 5.2 and 5.3.
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5.1. Mistake action detection

Baseline. We do not adopt existing mistake detection meth-
ods as baselines because they do not fit our settings. For
instance, Assemblyl01 [31] and CaptainCook4D [24] as-
sume trimmed video clips as inputs, while our task assumes
untrimmed videos. The method in [29] focuses on order-
ing mistakes in the videos and does not address execution
mistakes. EgoPED [16] and AMNAR [13] are the closest
to our setting as they predict both segments and mistake la-
bels. However, their methods are based on anomaly detec-
tion, predicting binary labels of “correct” and “mistakes,”;
thus they cannot predict the three classes of “correct,” “mis-
takes,” and ““correction.”

Therefore, instead of existing mistake action detection
models, we compare our method with the recent temporal
action localization (TAL) model, ActionFormer [39]. This
is because TAL operates under similar conditions, where
the models detect both temporal segments and their action
labels. In our experiments, we train ActionFormer to predict
mistake labels for the detected 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.
Evaluation metrics. We follow TAL [39] and report mean
average precision (mAP) at tloU thresholds of 0.1, 0.2, and
0.3. It computes the mean of average precision across only
mistake and correction classes because we focus on mis-
take detection performance. Since our problem formaliza-
tion involves video-text alignment (see Sec. 4.1, our metrics
require correctly predicting both step and mistake labels.
Note that ActionFormer processes only videos and does not
conduct video-text alignment [39]; yet we assign step labels
to the segments sequentially from the video’s start to end for
fair comparison.

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. All 30 training videos from the five tasks are
used to train one unique model for scalability and general-
ization across diverse tasks. We report the average test-set
scores using the model weights that achieve the highest per-
formance 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 [28].
This allows us to test the models on unseen worker’s activ-
ities, minimizing the bypass possibility to learn the worker-
specific features to detect mistakes.

Results. Table 4 shows the performance on mistake ac-



Table 4. Results of mistake action detection. Oracle denotes
upper-bound performance using ground-truth step segments.

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

mAP@tloU Methods | Fl Prec. Rec. MoF
Methods 01 02 03 A
: : : Ve StepFormer (ZS) [7] 24.1 246 237 249
ActionFormer [39] 1.8 0.1 0.1 0.7 StepFormer (SS) [7] 26.1 266 257 270
StepFormer++ w/ MLP (ours) | 2.6 2.5 2.5 2.5 StepFormer++ (ours, FS) | 28.1 284 279 28.1
GT steps (oracle) ‘ 347
Video

Pred: mistake, GT: mistake Pred: mistake, GT: correct
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left column of the using the pair
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Figure 4. Success (left) and failure (right) cases of mistake detec-
tion. Text boxes at the bottom show the predicted steps.

Table 5. Ablation study of textual inputs to the mistake label clas-
sifier of our approach.

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

Video Text
v 0.3 4.7
v v 2.5 34.7

tion detection. Our proposed method achieves an average
mAP of 2.5, surpassing ActionFormer’s 0.7. In contrast, our
score is still far from the oracle’s 34.7, which uses ground-
truth step segments and only performs mistake label clas-
sification. This suggests that accurate video-text alignment
largely improves mistake action detection. In addition, we
explore the success and failure examples as shown in Fig. 4.
In the success case, the correct alignment leads to the find-
ing of a mistake; in the failure case, the localized step is
incorrect, hurting the performance of mistake classification.
Moreover, we conduct an ablation study on input modali-
ties, as shown in Tab. 5. When comparing models with and
without text input, we observe that the average mAP drops
significantly from 2.5 to 0.3. This highlights the importance
of textual information for accurate mistake classification.

5.2. Video-text alignment

We conduct detailed experiments on the video-text align-
ment component. In this experiment, we evaluate the per-
formance of our proposed StepFormer++ against two ver-
sions of the original StepFormer [7]. One is trained on
Ego4D and evaluated in a zero-shot manner (ZS), while
the other is further fine-tuned on EgoOops using a self-
supervised approach (SS).

As shown in Tab. 6, we report frame-wise F1, Preci-
sion, Recall, and Mean over Frames (MoF), following prior
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StepFormer (SS)

StepFormer++ (FS, ours)

Ground Truth

I Put a microplate on a grid of a worksheet.

Take a pair of tweezers out of a bag.

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

Put three zinc plates on the center column of the microplate using the
pair of tweezers.

Put three magnesium plates on the right column of the microplate using the
pair of tweezers.

Put a drop of copper sulfate aqueous solution on each first row of

the metal plates.

Put a drop of zinc sulfate aqueous solution on each middle row of

the metal plates.

Put a drop of magnesium sulfate aqueous solution on each last row of
the metal plates.

Fill in a table in the worksheet with results, and then write down
names of metals in the worksheet frorm the most reactive one.

Figure 5. Qualitative results of video-text alignment.

work [7, 32]. Our StepFormer++ achieves an F1 score of
28.1, surpassing both the ZS (24.1) and SS (26.1) variants.
These results demonstrate that our fully supervised loss ef-
fectively trains StepFormer++ when alignment annotations
are available.

Figure 5 shows example results of the self-supervised
StepFormer and StepFormer++. While the self-supervised
one fails to localize the steps of putting copper, zinc, and
magnesium plates, our StepFormer++ correctly finds their
alignments. This implies that it is difficult to distinguish
steps involving similar-looking objects in a self-supervised
learning, but our fully-supervised loss helps to learn them.
Also, this demonstrates that our fully supervised loss im-
proves StepFormer’s video-text alignment capability, thus
StepFormer++ achieves more precise step prediction.

5.3. Mistake label classification

We address the task of mistake label classification, which
predicts one of three labels (correct, mistake, and correc-
tion) based on ground-truth segments. As baselines, we
evaluate mistake classifiers trained on existing mistake ac-
tion datasets and report their performance on the EgoOops
dataset. Furthermore, we explore the capabilities of re-
cent multi-modal large language models (MLLMs) to assess
how accurately they can predict mistake labels.

Classifiers trained on existing datasets. The EgoOops
dataset introduces tasks from a diverse range of previously
unexplored domains (see Sec. 3.2), beyond those covered



in existing assembly [9, 27, 31, 38] and cooking [16, 24]
datasets. To evaluate whether models trained on existing
datasets can generalize to unseen domains, we apply these
models to predict mistake labels on the EgoOops dataset in
a zero-shot manner.

Specifically, we compare the performance of our clas-
sifier trained on EgoOops with models trained on Assem-
bly101 [31] and CaptainCook4D [24], which are repre-
sentative benchmarks for assembly and cooking errors, re-
spectively. For Assemblyl01, we adopt the TempAgg
model [30], a long-range video recognition architecture
leveraging TSM features [18]. For CaptainCook4D, we uti-
lize their best-performing model: a multi-layer perceptron
(MLP) head on top of a frozen 3D-ResNet backbone [12].
In contrast, we train a MLP-based model (see Sec. 4.3) on
EgoOops to evaluate the effect of tuning to its domains.

MLLMs. Finding mistake actions is a visual reasoning
task, where models must understand both the video and the
associated procedural text to determine whether a worker
correctly follows the instructions. MLLMs perform well in
visual reasoning benchmarks [2, 37], thus we instruct them
to solve mistake label classification given a trimmed video
clip, the task’s procedure, and the performed step.

Specifically, we evaluate two leading open-source
MLLMs on EgoOops in a zero-shot manner: InternVL2.5-
8B [2] and Qwen2-VL-7B-Instruct [37]. For each instance,
we construct the input prompt using a fixed template (Fig. 6)
designed to (1) provide the full procedure as context, (2) en-
courage active identification of mistakes and corrections,
(3) and follow a multiple-choice question format, which
MLLMs are well-trained to handle. The completed prompt
and the video frames are passed to the model, which outputs
its answer in free-form text. Video frame sampling follows
each model’s official pre-processing: InternVL2.5 takes 24
frames as input, while Qwen2-VL takes 48 frames.

Results. Table 7 presents the results of mistake label
classification. Among the classifiers, the model trained
on CaptainCook4D performs better than the uniform sam-
pling baseline, demonstrating a certain level of domain-
generalization ability. In contrast, the model trained on As-
sembly101 does not surpass the baseline, indicating its lim-
ited transferability to unseen domains. The model trained
on EgoQOops significantly outperforms uniform sampling,
highlighting the benefits of domain-specific adaptation.

In terms of MLLMs, Qwen2-VL-7B-Instruct exceeds the
fully-supervised MLP classifier when comparing their per-
formance to recognize the “mistake” class, suggesting its
strong capabilities to find mistakes. However, its perfor-
mance on recognizing corrections of mistakes is consider-
ably lower compared to the fully-supervised model. This
gap suggests that current MLLMs have limited ability to
reason about whether an action constitutes a correction.
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Procedure:
{PROCEDURE }
This step: { STEP_INSTRUCTION}

It is an egocentric video clip where the worker per-
forms an activity referring to the procedure. Note that if
the step is "UNDEFINED”, it is an extra step not written
in the procedure.

Carefully look at the clip. Try to find worker’s failures of
precisely carrying out the step instruction (i.e. mistake)
or correction of mistakes. We penalize more for over-
looking mistake and correction classes. Select the best
option to the following multiple-choice question based
on the video clip.

Question:  Which label best matches the activity
performed by the camera wearer?

0. correct

1. correction

2. mistake

The best option:

y

Figure 6. The prompt template for MLLMs. We replace the place-
holders with the task’s procedure and the performed step for each
trimmed video clip.

Table 7. Results of mistake action classification. ZS: zero-shot,
FS: fully-supervised. Note that [24] addresses binary classifica-
tion of correct or mistake, thus the scores for correction are not
available.

Mistake Correction

Methods ‘ Prec. Rec. Fl1 ‘ Prec. Rec. F1
i Uniform sampling 164 333 219 1.3 333 2.5
£ Assemblyl01 [31] (ZS) 1483 148 148 24 429 45
& CaptainCook4D [24] (ZS) 16,5 761 27.1 N/A
© MLP (ours, FS) 350 489 408 | 57.1 57.1 571
5 InternVL2.5-8B [2] 476 341 397 00 00 00
S Qwen2-VL-7B-Instruct [37] | 75.0 30.7 43.5 26 143 44

6. Conclusion

This paper introduced EgoOops dataset that consists of ego-
centric videos, procedural texts, and three types of annota-
tions: video-text alignment, mistake labels, and mistake de-
scriptions. Based on this, we proposed a text-oriented ap-
proach to the task of mistake action detection. Our experi-
ments demonstrated that textual information plays a crucial
role in accurately identifying mistakes. Furthermore, we
conducted an in-depth analysis of video-text alignment and
mistake label classification. The results revealed that while
MLLMs exhibit promising performance in mistake recog-
nition but still struggle to reason about mistake corrections
in videos, highlighting a key area for future improvement.
Acknowledgments. This work was supported in part by
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