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Abstract

Online mistake detection is crucial across various domains,
ranging from industrial automation to educational applica-
tions, as mistakes can be corrected by the human operator
after their detection due to the continuous inference on a
video stream. While prior research mainly addresses pro-
cedural errors that often relate to temporal and ordering
information, identifying a broader range of error types is
essential for real-world implementation. In this work, we
present MistSense, an approach for online mistake identi-
fication that includes versatility by considering both pro-
cedural errors, which involve incorrect action sequences,
and execution errors, such as motor inaccuracies or im-
proper equipment use. QOur method integrates RGB and
hand pose features to capture fine-grained contextual cues
in order to detect a mistake. By jointly modeling spatial
and sequential aspects of human actions, our framework
enables robust and adaptive error detection in dynamic en-
vironments. Once a mistake has been detected, we leverage
a large language model (LLM) which provides an error ex-
planation that gives the user further insights into why an
action has been identified as a mistake. The evaluation on
common mistake detection benchmarks shows the effective-
ness of our approach.

1. Introduction

Recent action detection and recognition approaches [26, 27,
34, 38] enable the accurate perception of human actions
from video data while relying on spatiotemporal informa-
tion to reason about human behavior. An intelligent assis-
tant, however, should have the capability to further reason
about the correctness of certain actions, to assist users in ac-
curately performing actions or completing tasks. Such intel-
ligent systems could be applied to daily tasks like cooking
or home maintenance, as well as industrial settings such as
assembly lines or mechanical repairs.

In line with recent online mistake detection ap-
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Figure 1. MistSense framework for mistake detection and explana-
tion: Compared to prior approaches that mainly focus on temporal
and ordering relations in the form of procedural mistakes, our ap-
proach can consider procedural as well as execution mistakes, that
capture how an action is performed, in an online fashion. We fur-
ther integrate hand pose information during the mistake detection
process. Upon detecting an error, an LLM is queried to provide an
explanation for why the action is incorrect based on the extracted
video features.

proaches [9, 18, 30], to provide timely feedback, the system
should be able to conduct inference in an online setting, en-
abling it to identify errors from a continuous video stream.
This allows the user to respond promptly, preventing fur-
ther consequences of the mistake. An egocentric perspec-
tive offers a valuable advantage by capturing task execu-
tion from the user’s point of view, circumventing the limi-
tations of static viewpoints that may suffer from occlusions
caused by the human body. Furthermore, recent advances in
augmented reality enhance the relevance of egocentric sys-
tems [2, 5]. The unique egocentric perspective additionally
makes it easier to recognize the human hand pose. While
this hand-specific information has proven to be helpful for
action recognition and detection tasks [11, 32, 37], it can
be leveraged for determining the correctness of an executed
action and thus used as another modality alongside images.
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While recent methods predominantly focus on procedu-
ral errors [9, 18, 28, 30], such as improper sequencing or
missed actions, the spectrum of possible errors is broader
and application-dependent. Thus, the partial ordering of ac-
tions and the successful completion of key steps may only
partially represent correct task execution. By additionally
considering execution errors that range from motor errors
to misusing a piece of equipment, one can get a more holis-
tic interpretation of the successful task completion. Recent
datasets further extend to varying error types and consider
a mixture of procedural and execution errors [13, 29, 35],
which enables a comprehensive evaluation comparable to
real-world circumstances. In contrast to anomaly detection
methods [22, 36, 39], procedural and execution errors relate
to completing a task and its corresponding steps and indi-
cate potential deviations from it in terms of the correctness
of ordering or motor execution. As shown by [18] anomaly
detection methods struggle to perform procedural and exe-
cution error detection in videos.

Current mistake detection approaches mainly focus on
only detecting a mistake [9, 28, 30]. However, to under-
stand why an action is incorrect, additional context is re-
quired for the user in order to analyze the executed action.
Further information such as the omission of a prerequisite
for the current action or the way of executing the action
can provide helpful guidance for correcting the behavior.
Therefore, drawing inspiration from recent advancements
in language and vision-language models [15, 20, 24, 33],
we utilize an LLM to generate possible explanations for the
detected mistakes. Thus, within our approach, we focus on
capturing procedural errors that mainly relate to the rela-
tive ordering of actions and depend on temporal relations,
as well as execution errors, which refer to how the human
is performing certain actions that relate to spatial as well
as temporal relations. As a result, our approach can better
capture the correct execution of a task while being versatile
concerning varying error types. As an additional modality
to RGB, we also investigate the use of hand pose data dur-
ing the mistake detection process. To the best of our knowl-
edge, we are the first to provide a versatile error detection
method that further provides textual explanations regarding
the detected mistakes. Our contribution is three-fold:

e We propose MistSense, a versatile online mistake-
detection approach that can recognize procedural and ex-
ecution errors. Thus, our model is capable of evaluating
the correct execution of a task in a holistic way compared
to only relying on considering temporal ordering.

e Our method also offers explanations for why an action
was erroneous, enabling proactive guidance. By provid-
ing users with insights into how an error occurred, our
approach facilitates easier issue resolution.

* We evaluate our approach on the Epic-tent-O [13] and
Holo-Assist [35] datasets, which contain several error

type variations, where our approach shows strong results
and improves over existing methods.

2. Related Work
2.1. Mistake Detection

Due to the strong semantic reasoning and zero-shot capa-
bilities of Large Language Models (LLMs), recent work
has also leveraged these models for online mistake detec-
tion. Flaborea et al. [9] and Plini et al. [28] leverage the
in-context learning capabilities of LLMs to predict feasible
next action while simultaneously detecting actions. Errors
are then determined based on discrepancies between the de-
tected and the anticipated action. However, since these ap-
proaches first use an action detection method and then pass
the recognized events to the LLM, they cannot capture ex-
ecution errors related to specific object manipulations or
other spatial clues that indicate the correctness of the ma-
nipulation task. Seminara et al. [30] introduced a differen-
tiable approach for learning task graphs by directly optimiz-
ing edge weights via maximum likelihood to perform mis-
take detection. Lee et al. [18] introduced a framework com-
bining action segmentation with contrastive step prototype
learning to detect procedural errors. By leveraging hand-
object interaction modeling via a Graph Convolutional Net-
work and relying on feature-prototype similarities, offline
mistake detection is performed.

Other methods further investigate the use of additional
modalities. Lehmann et al. [19] identified assembly errors
by comparing a test image with a correct assembly state, us-
ing synthetically generated image pairs to enable controlled
change detection. This method is particularly focused on
assembly applications as CAD models of objects are re-
quired. Wang et al. [35] leveraged a TSFormer [4] while
combining RGB and hand pose information. Mazzamuto et
al. [25] rely on eye gaze and RGB information while lever-
aging GLC modules [16], that relate global visual tokens to
local embeddings for eye gaze estimation. They detect mis-
takes by recognizing differences between the predicted and
the observed gaze trajectory.

Compared to previous approaches, we focus on detecting
not only procedural errors but also execution errors in order
to better evaluate the correctness of an action. Additionally,
we integrate hand pose information as an extra modality to
consider the correctness of particular hand movements dur-
ing the execution of an action.

2.2. Language based Reasoning

The recent progress in Large Language models has enabled
a more elaborate and advanced way of reasoning that has
been further improved by training on large datasets [8, 15,
33]. Additional work further expanded the reasoning ca-
pabilities of LLMs to additional modalities and in particu-
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lar vision-based language models (VLMs) [1, 21, 40]. Liet
al. [20] proposed BLIP-2, an efficient approach for aligning
vision and language representations that can create captions
based on the projected embeddings. With VideoLlama,
Zhang et al. [40] propose a method that further extends the
Q-Former of BLIP-2 to a Video Q-Former that can compre-
hend temporal dependencies rather than just image-specific
features. The resulting representations are projected to a
frozen LLM to create captions. Maaz et al. [24] introduced
VideoChatGPT, which further considers the temporal rela-
tions between the extracted features while supporting multi-
turn chat interactions. Videollava [21] proposed a unified
visual representation space where image and video embed-
dings are aligned before being passed to the LLM, further
enhancing the multimodal reasoning capabilities for visual
content. Previous approaches further utilized the reasoning
capabilities of LLMs to anticipate future actions [9, 28, 41].

In our approach, we also leverage the Q-Former to effi-
ciently encode vision features and an LLM to provide text
descriptions. However, instead of generating image content
or video descriptions or anticipating actions, the LLM pro-
vides explanations of recognized mistakes, offering insights
into why an action is incorrect.

2.3. Mistake Detection Datasets

Various datasets have been proposed to deal with the chal-
lenge of mistake detection. The ATA dataset [10] is focused
on offline mistake detection for assembly tasks. The Epic-
tent-O and Assemblyl01-O datasets [9] introduce online
procedural mistake detection in an industrial and an outdoor
environment. The former is based on the Epic-tent [13]
dataset and adapted for an online use case under open-set
conditions. It captures the outdoor assembly of a tent and
introduces execution and procedural errors. The latter is
based on Assemblyl01 [31], which captures toy assembly
processes, emphasizing procedural mistakes and their cor-
rections, where the actor reverses the error.

In addition to procedural errors, the IndustReal [29]
dataset captures execution errors, which indicate whether
the action has been completed correctly. The HoloAssist
dataset [35] is a large-scale dataset that also incorporates
procedural and execution errors, along with error expla-
nations, while the user wears a HoloLens headset during
various object-centered manipulation tasks. Focusing not
only on capturing the temporal and logical dependencies be-
tween actions in the form of procedural errors but also on
investigating the correct execution of actions, we utilize the
HoloAssist and Epic-tent-O datasets, as both contain vary-
ing error types. This allows us to assess how effectively
our approach integrates spatio-temporal reasoning of action
execution and the logical connections between consecutive
actions. The egocentric perspective of both datasets further
helps to capture hand poses accurately.

3. Methodology

In this section, we give an overview of our approach and
explain the individual components with respect to the mis-
take detection and error explanation tasks. Additionally, we
explain the learning objectives and the overall training strat-
egy that we use to obtain the results of Section 4.

3.1. Mistake Detection

As depicted in Figure 2 for the online scenario, we expect
a continuous video stream as an input, where we process
the overall frames in segments up to the current timestep
t. The frames get passed through a combination of a vi-
sual encoder and a Q-Former, similar to the one proposed
in Blip2 [20] in order to extract visual features. The video
encoder in our case is a ViT [7]. We denote a segment of
features as v = [v;_¢_, ..., v¢], with v € R¥*% where ¢,
denotes the number of overall considered timesteps within
the segment and d; indicates the feature dimension. In com-
bination with learnable queries g,.q, € R?a¥d2 | the features
v are input to the Video Q-Former. The learnable queries
are trainable token embeddings that guide the model to
extract task-relevant information from features with cross-
attention. Compared to the Q-Former that extracts spatial
information within a frame, the Video Q-Former considers
the temporal relations between multiple framewise features
but retains the overall structure of [20] similarly as shown
in [40], meaning that it consists of a BERT encoder [6]. This
results in the features f,q, € Rtaxdz

In addition to the RGB-based features, we further ex-
tract framewise hand pose representations i € R¢*¢s*vxm
where ¢ denotes the number of coordinate dimensions, v
defines the number of joints and m represents the number
of hands. These hand pose representations are forwarded
to the hand pose encoder, which we adapt from [32]. It
consists of Temporal Convolutional Networks (TCNs) [17]
that model the separate joints as well as the wrist individu-
ally and subsequently combine them with self-attention into
the feature representation h; € R**9», We do not per-
form temporal pooling over the features or extract a clas-
sification token but directly use these spatiotemporal fea-
tures for further processing. The features h; are passed
through a projection layer that adjusts the feature dimension
to ho € R?¥s*42_ Similarly to the RGB processing, a frame-
wise positional embedding is added to these features. The
Hand Q-Former, which has the same structure as the Video
Q-Former, subsequently processes ho in combination with
the learnable queries qnqng € Rt Xd2 which results in the
features frang € Rfa*%2,

The features f,4p and fj,qnq are then added together and
passed to the mistake classification layer to obtain the fi-
nal mistake logits . € R's. The error explanation gener-
ation process is initiated once a mistake is identified based
on those logits.
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Figure 2. Overview: Based on a continuous RGB stream, a video encoder, and a Q-Former are used to extract framewise visual relations.
Within our approach, hand pose information is used as an additional modality during the mistake detection process. Subsequently, a Video
Q-Former is leveraged to extract temporal dependencies between the RGB features. The colored squares represent learnable queries, similar
to the ones proposed by [20]. The extracted hand pose features are passed to the Hand Q-Former and added to the extracted RGB-based
representations. The mistake classification layer then obtains the final predictions. The Video Q-Former features are forwarded through
the gate g.,, and projected to the LLM embeddings space to create the error explanations. The double slahes indicate no backpropagation.

3.2. Error Explanation

The error explanation aims to provide further reasoning as
to why an action is incorrect in the form of a text descrip-
tion. The explanation of our model relates to execution and
procedural mistakes observed in the considered segment. In
case multiple mistakes appear in the same segment, the cor-
responding captions are concatenated. To provide a tex-
tual explanation regarding recognized mistakes, the afore-
mentioned Video Q-Former features f,., that are obtained
from the mistake detection part are routed through the gat-
ing mechanism g,,. During the error explanation task, we
only consider the RGB-based features to be forwarded to
the LLM. This is formulated as

1, ifo(m)>71
0, otherwise

gm(o(m)) = (D

where o is the sigmoid function. Once the predicted logit
reaches a threshold 7, the features of the video Q-Former
are further forwarded to the projection layer. The projection
layer is a linear layer that maps the features to the dimension
of the LLM embedding space. The resulting features, as
well as a prompt, are forwarded to the LLM in order to cre-
ate the final explanation. Thus, we ensure that our approach
generates error explanations once an error is detected.

3.3. Learning Objectives

MistSense is trained in several stages with respect to mis-
take detection and explanation generation learning objec-
tives. For mistake detection, during the first stage, we apply
a weighted binary cross-entropy loss on the predicted prob-
abilities g; regarding a mistake, defined as

N
1 . N
Ltist = N E [wiy; log(yi) + wo(1 — y;) log(1 — ;)]
=1

2)
where y; denotes the binary ground truth label, NV speci-
fies the number of samples, and wy, w; are the respective
weights for a correct and wrong action. The weights are ap-
plied in order to mitigate the imbalance between correct and
wrong actions, where a correct action is annotated as 0 and
a mistake as 1. We finetune all components of the model,
besides the LLM projection layer and the LLM, during the
mistake detection training while keeping the video encoder
and the corresponding Q-Former frozen.

For the error explanation task, we use a regular cross-
entropy loss and annotated explanations as supervision.
During this second stage of the training, we first freeze all
model components and only fine-tune the projection layer.
The resulting features from the Video Q-Former f,g; are
processed in segments so that only one given video seg-
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Holo Assist

Methods Modality F1-Score Correct Mistake
Prec Rec Prec Rec
TSformer [4] RGB 35.1 82.6 51.8 129 269
TSformer [4][35] RGB + H(GT) 36.2 85.5 43.1 9.7 115
GazeCompl [25] RGB+E 51.0 95.0 920 6.0 9.0
“MistSense ~ RGB 548 956 913 114 211
MistSense RGB+H(P) 55.7 959 854 103 31.6

Table 1. Performance comparison on Holo Assist [35]. TSformer [4] + H(GT)[35] denotes the TimeSformer model combined with ground
truth hand pose as reported by [35]. E denotes the eye gaze information acquired by the HoloLense device. H(P) refers to the hand pose

predicted by Mediapipe [23].

ment is considered during a training step. In the last stage,
we finetune the LLM parameters efficiently with Low-Rank
Adaption (LoRA) [12], which is a method that leverages
low-rank matrices during the weight updates, while freez-
ing the projection layer. In case of varying errors within the
same segment, the ground truth explanations are concate-
nated during optimization.

4. Experiments

In this section, we introduce our benchmarking datasets and
provide the results of our approach against prior work on
mistake detection. We further provide overall qualitative
results as well as a quantitative evaluation of the mistake
explanation generation capabilities of our approach. The
bold scores in the table indicate the best and the underlined
ones the second-best result.

Baselines: In the case of the mistake detection task, as a
baseline for Epic-tent-O, we use recent online mistake de-
tection methods. For Holo Assist we use the official base-
lines of [35] as well as the approaches listed on the bench-
marking server. To the best of our knowledge, no existing
methods specifically focus on detecting and explaining mis-
takes; therefore, we compare our results on the error expla-
nation task with recent Vision-Language Models (VLMs)
with the same visual encoder and image input dimensions.
These methods are fine-tuned by only considering segments
with mistakes, as they only focus on the generative task but
not on the detection task.

4.1. Datasets and Metrics

To evaluate the versatility of our approach, we consider
two datasets that capture varying scenarios as well as er-
ror types. The Epic-tent dataset [13] consists of 7 hours and
captures the assembly of a camping tent in an outdoor envi-
ronment performed by 29 participants with head-mounted
cameras, whereas the Epic-tent-O dataset [9] is a subset

Holo Assist
Methods BLEU ROUGEL CIDEr
GT Sampling 0.46 0.50 0.30
Videollama [40] 0.52 0.57 0.68
Video-ChatGPT [24] 0.55 0.58 0.61
MistSense 0.53 0.58 0.76

Table 2. Performance comparison on the error explanation gener-
ation task for the Holo Assist [35] dataset.

of this dataset, designed for open-set online mistake detec-
tion, that only captures certain procedural mistakes. The
Holo Assist dataset [35] is an egocentric human interaction
dataset capturing 169 hours of collaborative physical ma-
nipulation tasks from 350 unique performer-instructor com-
binations, where a task performer wearing a mixed-reality
headset follows real-time verbal guidance from an instruc-
tor. As our approach relies on supervision in the form of
labeled errors, we use the entire original Epic-tent dataset
during training.

For online mistake detection on both datasets, we report
the precision and recall values of the correct and mistaken
actions. For Epic-tent-O and Holo Assist, we report the F1-
Score, where in the latter case, results are obtained from the
official benchmark server '. For the mistake explanation
generation task, we report the BLEU, which is based on
the precision of n-grams with a brevity penalty, ROUGEL,
which is computed concerning the longest common subse-
quence between prediction and ground truth explanation,
and CIDEr scores, which captures similarities based on tf-
idf weighted n-grams. As the error explanations for the
Holo Assist test set are not publicly available, we report the
results on the validation set with annotated explanations.

"Holo Assist Mistake Detection Challenge on Codabench
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Epic-tent-O

Methods Modality = F1-Score Correct Mistake

F1 Prec Rec F1 Prec Rec
Count-Based [3] RGB 40.4 59.2 429 955 216 80.0 125
PREGO [9] RGB 29.2 416 979 264 172 95 933
MSG? [14] RGB 45.2 67.5 524 951 229 733 13.6
DO [30] RGB 46.5 69.3 544 952 237 733 14.1

“MistSense ~ RGB 598 897 842 962 298 550 204

MistSense RGB+H(P) 63.3 882 856 909 383 454 33.1

Table 3. Performance comparison on Epic-tent-O [9]. H(P) refers to the hand pose predicted by Mediapipe [23]. We evaluate our approach

concerning different modality combinations.

Epic-tent
Methods BLEU ROUGEL CIDEr
GT Sampling 0.50 0.54 1.58
Videollama [40] 0.53 0.57 1.78
Video-ChatGPT [24] 0.43 0.61 2.61
MistSense 0.62 0.66 3.09

Table 4. Performance comparison on the error explanation gener-
ation task for Epic-tent [13].

4.2. Mistake Detection

For both datasets, we report the results of our approach only
based on RGB data as well as the combination of RGB and
predicted hand pose data. For the hand pose extraction, we
use Mediapipe [23]. For evaluating the mistake detection
performance on Epic-tent-O, we use consistent evaluation
with [9], where mainly procedural errors are considered.
While DO [30] and MSG? [14] consider supervision in the
form of key-steps in order to access the procedural correct-
ness of activities, our approach is supervised directly based
on the error annotations, which is why the training set of our
method is extended by incorrect action sequences from the
unmodified Epic-tent dataset. From Table 3 we can observe
that our approach based only on the RGB features outper-
forms DO [30] by 13.3% in terms of the overall F1-Score
and by 6.1% concerning the F1-Score when only consider-
ing the faulty actions. Additionally, integrating the Hand
Q-Former and utilizing the hand pose modality further im-
proves the performance by 3.5%. This further indicates that
hand-specific information can help to identify a particular
mistake within a sequence. The overall evaluation shows
that our model is suitable for detecting mistakes in a proce-
dural assembly scenario.

For the Holo Assist dataset, in line with prior work,

we report the results of our approach based on the offi-
cial competition server, as the test set annotations are not
publicly available. Based on the results displayed in Ta-
ble 1 we can observe that our method significantly improves
upon the RGB-only TSformer [4] results reported by [35].
MistSense further improves upon the GLC-based method
of [25] abbreviated as GazeCompl by 3.8%, without using
the additional eye gaze modality. When utilizing the hand
pose information in addition to RGB data, the resulting F1-
Score is further increased to 55.7. Compared to Epic-tent-
O, the videos of Holo Assist frequently contain background
classes without particular meaningful actions which makes
the extraction of inter-action dependencies more challeng-
ing. Additionally, this dataset contains procedural and exe-
cution error types, which indicates that our method is also
applicable to such challenging conditions and can identify
varying mistake types.

4.3. Error Explanation

In Table 4 we provide the error explanation generation
results for the Epic-tent [13] dataset. We provide the ex-
planations for the whole test set and evaluate our approach
with respect to the aforementioned captioning metrics. As
the original Epic-tent dataset does not contain text explana-
tions, we generate them based on the underlying action and
the error type, which results in explanations such as ’Place
guyline was done in the wrong order’, where further quali-
tative examples are shown in Section 4.5. All other refer-
enced approaches are also finetuned with the same explana-
tions. For the GT Sampling method, we randomly sample
an explanation from the ground truth test set. From the re-
sults, we can observe that our approach outperforms other
methods that solely focus on caption generation without
mistake detection components. Due to the inherent struc-
ture of the action and mistake type, the resulting explana-
tions have a similar structure, which is also partially re-
flected by the higher BLEU and ROUGEL scores. In partic-
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ular the high CIDEr, however, further indicates that the se-
mantic similarity of the generated explanations is improved
by our method compared to the other approaches.

Additionally, we evaluate the error explanation capabil-
ities of our approach on the Holo Assist [35] dataset. This
dataset provides explanations such as “The battery is upside
down” or “The person accidentally turned on the GoPro”,
which give more detailed information to the user about why
a particular action is a mistake. The variety and structure
of the explanations are thus more diverse as compared to
Epic-tent. Based on the results in Table 2 one can see that
our approach performs on par or better than other baseline
methods. The explanation quality regarding semantic sim-
ilarity is particularly improved as indicated by the CIDEr
score.

4.4. Multimodal fusion strategies

In order to evaluate, how to integrate the hand pose infor-
mation into the mistake detection process we conducted an
ablation study on different feature combinations. Hand-
only denotes omitting RGB features and only passing the
hand pose features through the Hand Q-Former for mis-
take detection. Late-Fusion describes the summation of
the RGB-based Video Q-Former features and the features
resulting from the hand pose encoder without the Hand
Q-Former, thus considering a smaller temporal segment.
Shared Q-Former is the setting, where the RGB and hand
pose features are summed and passed through the same
shared Video Q-Former. Sep Q-Former results in the con-
figuration with a separate Video and Hand Q-Former.

From the results in Table 5 we can observe that only
considering the hand modality can achieve an F1-Score of
49.1% which is approximately 10% below the RGB only
score. When considering the late fusion, without a separate
Hand Q-Former, the results are on par with the RGB-only
case. Considering separate Q-Formers for each modality
over a shared Q-Former further increases the F1-Score of
the combined RGB and hand pose detection performance
by 2.5%.

4.5. Qualitative Results

In Figure 3 we display cutouts of videos from the Epic-
tent and the Holo Assist dataset. It displays the confi-
dence scores regarding the detected mistake in green over
the time axis and the corresponding binary ground truth in
blue, where 1 indicates an error and O indicates a correct ac-
tion. The color of the textual explanation denotes its seman-
tical correctness, where red denotes semantically wrong and
green denotes semantically right explanations.

In the upper example from the Epic-tent dataset, we can
observe that generally, our method yields confidence val-
ues that align with the ground truth. However, very short
mistakes and brief temporal segments of correct actions be-

Epic-tent-O
Methods F1-Score Corr. F1 Mist. F1
Hand-Only 49.1 88.0 10.1
Late-Fusion 57.8 83.1 32.6
Shared Q-Former 60.8 83.4 37.8
Sep Q-Former 63.3 88.2 38.3

Table 5. Ablation on different fusion strategies for the RGB and
hand pose features. Sep-Qformer denotes separate Q-Formers for
each modality. Hand-Only denotes only using the Hand Q-Former
without RGB information.

tween errors cannot always be perfectly retrieved. We fur-
ther compare our model’s mistake explanations with the
ground truth, observing that while the overall structure of
the explanations is preserved, misclassifications of error
types and certain action components can occur.

In the second row of the figure, an example of the Holo
Assist dataset is displayed. The display of confidence val-
ues and ground truth remains the same, however, we can
also observe in this sample that Holo Assist annotations
generally have more mistakes, that are just 1.5 to 2 sec-
onds long. This seems also particularly challenging for
our model as such short mistake spikes in the ground truth
sometimes do not correspond to higher confidence values.
We can observe, however, that our model can detect execu-
tion mistakes such as the student grabbing the wrong piece
or aligning the base frame incorrectly as shown in the Holo
Assist example.

4.6. Implementation Settings

For our MistSense architecture, a ViT-L is used as a video
encoder, a Llama2-7B as the LLM, and the Video and Hand
Q-Former are based on the same BLIP2 structure [20]. For
our evaluation the approach is trained for 12 epochs on 2
RTX A6000 GPUs with an AdamW optimizer, a batch size
of 16 for Epic-tent and a batch size of 32 for Holo Assist,
and a cosine learning rate scheduler with an initial learn-
ing rate (Ir) of 3¢, a weight decay of 5e 3 and a linear
warmup starting from a learning rate of 1e~%. The features
are extracted based on 2 fps for both datasets. For the Epic-
tent-O dataset, we use w; = 1, wg = 1, and for Holo Assist,
we use w; = 4,wg = 1. For the hand pose encoder, we
adapt the hyperparameters of [32] and use a learning rate
of 2.5¢~2 without weight decay. For training the baselines,
we retain the same hyperparameters as proposed in the orig-
inal approaches. During inference, the model requires 20.5
GB of VRAM, while a single run on an RTXA6000 takes
approximately 4 seconds when considering the mistake de-
tection as well as the explanation generation.
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Figure 3. Qualitative results on a video cutout of the Epic-tent dataset, where exemplary frames are sampled from the indicated segments.
The confidence scores indicating the mistake detection probabilities ¢ and the ground truth indicating the mistake annotations are visualized

over time.

5. Conclusion

In this work, we propose MistSense, an approach capable
of versatile online mistake detection that can further pro-
vide explanations regarding mistakes. This is enabled by
projecting the extracted features used for mistake detection
to the LLM embedding space upon recognizing an error.
As our approach captures the spatial information of how an
action is executed and the temporal dependencies between
actions, it recognizes execution and procedural mistakes. In
addition to utilizing RGB features, it further integrates hand
pose features to improve mistake detection performance.
The experimental results on the public benchmarks Epic-
tent-O and Holo Assist show the overall strong performance
of MistSense on the mistake detection and the explanation
generation tasks. Our approach is leading the benchmark
on the official evaluation server at the time of writing.
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Limitations and future work As the error variety and
scale of Epic-tent is limited, additional datasets similar to
the size of Holo Assist with mistake annotations would be
helpful to cover a broader range of actions and frequent
mistakes which would help to further improve the perfor-
mance of our approach. In particular, variations regard-
ing mistake explanation annotations and a focus on reliable
and consistent mistake explanation annotations would fur-
ther strengthen the performance with respect to the provided
explanations.

Future work could define approaches to deal with very
short mistakes robustly, as these mistakes seem particularly
challenging as discussed in Section 4.5. Additionally, one
could investigate the use of additional modalities like eye
gaze or depth to strengthen mistake detection.
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