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Abstract

Understanding user actions and their possible mistakes is
essential for successful operation of task assistants. In
this paper, we develop a unified framework for joint tem-
poral action segmentation and error recognition (recogniz-
ing when and which type of error happens) in procedural
task videos. We propose a Generalized Task Graph (GTG)
whose nodes encode correct steps and background (task-
irrelevant actions). We then develop a GTG-Video Align-
ment algorithm (GTG2Vid) to jointly segment videos into
actions and detect frames containing errors. Given that it
is infeasible to gather many videos and their annotations
for different types of errors, we study a framework that only
requires normal (error-free) videos during training. More
specifically, we leverage large language models (LLMs)
to obtain error descriptions and subsequently use video-
language models (VLMs) to generate visually-aligned tex-
tual features, which we use for error recognition. We then
propose an Error Recognition Module (ERM) to recognize
the error frames predicted by GTG2Vid using the generated
error features. By extensive experiments on two egocentric
datasets of EQoPER and CaptainCook4D, we show that our
framework outperforms other baselines on action segmen-
tation, error detection and recognition.

1. Introduction

The integration of computer vision with augmented and
virtual reality (AR & VR) is expected to significantly im-
prove the way we learn and develop skills in our daily
lives [84]. Imagine wearing a pair of AR glasses and try-
ing to assemble a new piece of furniture. A visual task
assistant should recognize your actions and provide guid-
ance on what to do and how to perform them through-
out the process. It should also recognize your possible er-
rors and provide feedback to correct them, when needed.
This has motivated exciting new research on action recog-
nition [8, 9, 24, 25, 46, 49, 60, 90] and segmentation
[22, 37, 44, 45, 53, 56, 57, 74, 78, 79, 85, 96, 97, 104],
video grounding [5, 17, 19, 48, 58, 62, 87, 109], learning
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Figure 1. The illustration of our framework for joint temporal action seg-
mentation and error recognition. It consists of 1) Generalized Task Graph
(GTG)-Video Alignment for action segmentation and 2) an Error Recog-
nition Module using features from LLM/VLM for error recognition.

from instructional videos [11, 32, 61, 63, 64, 86, 103] and
very recently on error understanding [13, 26, 28, 40, 59, 91],
as well as progress [16] and state [101] prediction.

Successful operation of a visual task assistant, in partic-
ular, requires temporal action segmentation (assigning step
labels to frames) and error recognition (recognizing the type
of error, if any, in each frame) to seamlessly work together.
Additionally, a task graph, which encodes plausible ways to
perform a task, has been shown to be critical for temporal
action segmentation to effectively mitigate oversegmenta-
tion [5, 18, 78, 106]. However, existing methods have three
major limitations when it comes to understanding actions
and errors.

SOTA Limitations. First, existing works on error under-
standing can only detect the presence of an error in a video
frame without recognizing the type of the error. As recently
studied in [40], different types of errors, such as omission,
addition, modification, and slip errors, can occur during task
execution. However, [40] cannot distinguish between the
error types. A task assistant requires understanding the er-
ror type to provide appropriate feedback. For example, an
actor knocking over a dripper while making coffee requires



immediate feedback for correction or spreading jelly onto
tortilla using spoon instead of knife needs a feedback after
task completion for the actor to better execute the step.

Second, given the large number of possible errors, it is
infeasible to gather real training videos and annotations for
all possible errors. Also, recent datasets [40, 66] that con-
tain videos with errors have imbalance annotations on dif-
ferent error types, making error recognition a challenging
task, especially under the setting when we do not have error
videos during training.

Third, recent action segmentation methods [18, 78] that
use task graphs assume that there are no errors in videos
and assign step labels to the frames according to the task
graph. In addition, two recent works that handle both ac-
tion segmentation and error detection [28, 40] cannot use
the task graph for action segmentation. This is because a
task graph only contains the correct actions/steps and does
not consider possible errors that may occur during the task
execution. Thus, following the task graph leads to assigning
every frame (including frames that have errors and ones that
do not belong to any step) to correct actions/steps, which is
undesired.

Paper Contributions. We develop a unified error recogni-
tion and temporal action segmentation framework (see Fig-
ure 1) to address the aforementioned limitations.

— We propose a Generalized Task Graph (GTG) whose
nodes encode normal actions/steps and background (task-
irrelevant actions).

— We develop a dynamic programming-based method,
GTG-Video Alignment (GTG2Vid), with a dynamic frame
and node dropping term to assign frames to GTG nodes for
action segmentation and drop frames for error detection.

— Given the lack of error training videos, we leverage the
rich knowledge of large language models (LLMs) in con-
junction with the rich representation power of video lan-
guage models (VLMs) to obtain error descriptions for dif-
ferent types of errors and their corresponding features for
error recognition.

— We propose an Error Recognition Module (ERM) to rec-
ognize the error types, if any, in the frames predicted by
GTG2Vid using joint similarities of video frame, normal
type, and error type features.

— By extensive experiments on two egocentric datasets,
EgoPER and CaptainCook4D, we show that without us-
ing error videos during training, our method 1) improves
the performance of temporal action segmentation on error
videos, 2) improves error detection, and 3) recognizes dif-
ferent errors.

2. Related Works

Temporal Action Segmentation. Learning to segment
videos into several actions/steps has been studied under un-

supervised [4, 20, 21, 27, 35, 36, 75, 80, 89, 92, 95, 109],
weakly-supervised [10, 15, 23, 41-43, 47, 54, 54, 55, 70—
72,77, 85], and fully-supervised [3, 7, 14,22, 30, 31, 34, 37,
44, 45, 50, 56, 65, 69, 74, 81-83, 85, 96, 97, 104] setting.
Since procedural step videos follow certain task graphs to
complete the task, some prior works [5, 18, 78, 106] addi-
tionally adopt task graph information to guide segmentation
process. Specifically, G2Vid [ 18] aims to assign steps/nodes
in a task graph to video frames and drop the frames not
corresponding to any node. However, G2Vid cannot drop
unnecessary nodes in a task graph nor map background
frames to nodes to distinguish between background and er-
ror frames. In contrast, our framework adds extra nodes to
a task graph and allows droppable nodes to properly assign
nodes to frames.

Error Detection and Recognition for Procedural Tasks.
Detecting errors for procedural tasks has recently drawn at-
tention from the video understanding community. Recent
works [13, 28, 68, 91] have released relevant datasets to
facilitate error understanding. Meanwhile, several works
[26, 40, 59, 76] have developed frameworks to detect if er-
rors are present in videos and localize their temporal lo-
cations. Recent work [26] focuses on online error detec-
tion using action recognition and anticipation models based
on videos and action sequences. Another work [40] uses
only error-free (normal) videos during training to generate
multiple prototypes for action segmentation and error de-
tection. However, none of them has the ability to recognize
error types. Our work is able to segment videos and recog-
nize different errors simultaneously without error training
videos.

VLMs/LLMs for Anomaly Detection. Anomaly detec-
tion in videos [2, 6, 12, 38, 39, 52, 67, 73, 88, 93, 98—
100, 105, 107, 108] has been widely explored, and recent
studies [33, 102] leverage VLMs and LLMs for further
improvement due to their outstanding reasoning capabili-
ties. Recent work in [102] proposes a training-free video
anomaly detection framework using VLMs to generate cap-
tions over frames followed by LLMs to predict anomaly
scores for those captions. Another work in [33] adopts
LLMs to generate normal and abnormal descriptions under
various scenes and classify frames into normal or abnor-
mal according to the similarities between features of frames
and descriptions. In our paper, we leverage LLMs to gener-
ate error descriptions for each error type of every step with
crafted prompts, followed by VLMs to generate textual fea-
tures aligned with visual features for error recognition.

3. Graph to Video Alignment Review

Our proposed GTG-Video Alignment method builds upon
and generalizes the Graph-to-Video Alignment (G2Vid)
[18], which we review here. A task graph (also called flow



graph) is a directed acyclic graph G = (V, E), where each
node v € V represents a procedure step and each edge
(vk,v;) € E from vy to v; implies that v, must be com-
pleted before proceeding to v;, see Figure 2(a). Thus, all
predecessors of a node must be completed before starting
that step. Thus, the task graph encodes all possible ways to
perform a task (this can be obtained by topological sorting).

To efficiently align a video with the task graph and there-
fore segment the video into task steps, G2Vid [18] first
builds a tSort graph (see Figure 2(a)) that provides a com-
pact representation of all topological sorts of the task graph
(each path from the source to the sink node in the tSort
graph represents a topological sort of G). G2Vid alignment
recovers a traversal of the tSort graph that best aligns with
the video. It uses a modified version of Drop-DTW [17] to
align nodes and frames, allowing for i) one-to-many match-
ing (one node/step can be assigned to many frames) and ii)
unmatched sequence elements (to be able to drop frames
that do not correspond to any node/step).

Let C; ; denote the matching cost of node ¢ to frame 7, d;
denote the dropping cost of frame j, and A(7) denote the set
of predecessors of . The dynamic programming solution
computes the cumulative matching D;' ., dropping D;; and

4,57
optimal D; ; costs up to the i-th node and j-th frame as

D,Z'j = Ci,j + min{minge 4 ;) {Dr,j—1}, Di,j—1},
D;;=dj+ Dij-1, Dij;= min{ D} Di;}.

1,79

M

By iterating over all nodes and frames, the dynamic pro-
gramming outputs the optimal cost and alignment by back-
tracking the path with minimum cost, starting from the top
left and ending at the bottom right of the cumulative matrix.

4. Proposed Method

We develop a unified framework for Temporal Action Seg-
mentation (TAS) and Error Recognition (ER) in procedu-
ral task videos. We assume having access to only normal
(error-free) videos with their frame-wise step labels during
training and the task graph during testing. Our proposed
framework addresses three fundamental questions: (1) How
can we build an efficient Generalized Task Graph (GTG)
that enables TAS and Error Detection (ED) for videos? (2)
How can we obtain features for different errors without col-
lecting real error videos? (3) How can we leverage the error
features to perform ER? In the following, we first formal-
ize the problem, discuss the overarching goal of our frame-
work, and discuss the details of the method to address these
questions.

Problem Setting. For TAS and ER, given a sequence of
video frame features XV = (z¥,2%,...,z%), our goal is
to predict its frame-wise steps ) = (91, Y2, -..,4r) and
error types E = (é1,€2,...,ér), where T is the number
of frames, z{ € RP is a pre-extracted feature vector, ¢, €

(a) Generating tSort graph from task graph
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Figure 2. The illustration of (a) an original task graph and its correspond-
ing tSort graph, (b) a naive approach to capture background, (c) our pro-
posed solution, which specifically illustrates the predecessors and succes-
sor of extra node Ss.

{-1,0,...,S5}, where S is the number of steps and class
—1 and 0 indicate error and background (a task-irrelevant
action, e.g., answering phone when making coffee), é; €
{0,..., M}, where M is the number of error types and class
0 denotes no error happening. During training, we use only
normal (error-free) videos and their ground-truth step labels
Y. For testing, we assume that the task graph is given.

Framework Overview. We introduce Generalized Task
Graph for handling both 7AS and ED. Our key idea is to
1) insert extra nodes in the tSort graph to capture the back-
ground class that may occur before each step in the task
graph, 2) perform TAS and ED by our GTG2Vid with a dy-
namic frame and node dropping term for different types of
errors, 3) obtain error descriptions and features for all types
of errors, respectively, by leveraging LLMs and VLMs and
4) use an Error Recognition Module (ERM) that computes
joint similarities of video, normal type and error type fea-
tures obtained by VLMs to classify the error types for the
frames flagged by GTG2Vid.

4.1. Generalized Task Graph (GTG)

We build GTG to handle execution and omission errors and
develop GTG2Vid for TAS and ED.

Handling Execution Errors. We aim to use the task graph
to segment videos into steps and to detect execution errors
(e.g., slip, correction, modification, and addition errors de-
fined in [40]). Some of the errors are step-relevant (e.g.,
spreading jelly using spoon instead of knife) and some are
not in the task graph (e.g., adding honey to a recipe that does
not include honey). However, G2Vid drops both frames
with errors as well as background frames (e.g., answering



Algorithm 1 GTG-Video Alignment (GTG2Vid)

1: Inputs: CeR*5*7T, A(+),d}, d3 (matching cost matrix, predecessor mapping dictionary, node dropping costs, frame dropping costs.)

1y Wy

2 Dio=0;D}fy =o0; D, = o0;¥ie{l,---,25},Vje {1,---, T}

3 Dy =0;Dip =3, _ dis Di; = oosVie {1,---,28},¥je {1,--- , T}
4 Dy =0;D; 5 =o0; D% =9 disVie{l,---,28},Vje{l,--- T}
5: Do,OZO;Di,OZDgg;DOJ:DSE;WQ{L...,25}7v]'€{1’...’T}
6
7
8

fori=1,---,25 do
: forj=1,---,T do
Df;=~Ci; + miﬂ{kfefi‘ig){Dk,j—l},Di,j—l}

9: D;f = d; + Di,j—l
10: DT = d? in {Ds;
1,7 + kIEI}ﬁ}?L){ k»]}
11: D;; = min{D;’ﬁ DZJT7DLZJ}
12: end for
13: end for

14: 3:2* = traceback(D)
15: Y = frame-assign(J*)
16: Outputs: Dags 1,

= Initialize DP tables

= Matching table of X, (frames) and Z (nodes)
= Dropping table of Z (nodes)

> Dropping table of X, (frames)

> Optimal solution table

= [terate nodes in Z

= Iterate frames in X%

= Consider matching node Z; to frame xfl, j

> Consider dropping frame x,, ;
= Consider dropping node Z;

= Select the optimal path

= Compute the optimal alignment by tracing back the path with minimum cost
o Flag dropping frames as error frames and frames belonging to extra nodes as background

the phone while making a recipe) and thus cannot distin-
guish between them and understand when an error occurs.

To handle this, we build GTG by inserting extra nodes
into the task graph to capture background frames. There-
fore, by aligning a video with GTG, we can understand
which frames correspond to which steps and which frames
correspond to background. Additionally, by allowing drop-
ping frames, we can detect execution errors, and by allow-
ing dropping nodes, we can detect omission errors which
we will discuss next.

A naive approach is to insert an extra node with a unique
label between every two nodes (see Figure 2 (b)). There-
fore, the task graph can potentially map frames to extra
nodes. However, the complexity of the tSort graph grows
exponentially. To solve this problem, our proposed ap-
proach inserts an extra node S; with a unique ID between
every node 4 and its predecessor in the tSort graph. For ex-
ample, in Figure 2 (c), between node 2 and 3 as well as
node 1 and 3, we insert the same extra node Ss to capture
the background frames with respect to step 3. Our design
1) prevents exponential growth of the tSort graph, only in-
creasing the number of nodes from .S to 2.5, and 2) inherits
the correct execution orders in the original tSort graph.

Handling Omission Errors. During execution, an actor
may skip one or more steps in the task graph, resulting in
omission error. In this case, forcing models to follow the
task graph as done in prior works [5, 18, 78, 106] can lead
to wrong TAS results where some frames are assigned to the
skipped steps. To handle omission errors, we introduce a
node dropping term to our GTG2Vid to make nodes of our
GTG droppable,

D75 = di + mingeagiy{ Dk, s} (2)

where D7 is the accumulative cost until node ¢ and frame
7 in the dynamic programming (DP) table of dropping node
and d? is the node dropping cost of node 7. A low dropping
cost indicates that the corresponding GTG node is not in
the video and should be omitted. This also allows dropping
extra nodes, whenever there is no corresponding frame in
the video.

GTG-Video Alignment (GTG2Vid). Algorithm | shows
the steps of GTG2Vid. C; ; is the matching cost of the i-
th node to the j-th frame. We let C; ; to be the predicted
probability of step ¢ for j-th frame using an action segmen-
tation model. We train the action segmentation model with
smoothing and cross-entropy loss in [22] using framewise
labels. In addition, to ensure that our proposed method can
drop frames and nodes based on the confidence of predic-
tions, we propose a dynamic dropping cost d* for frames
and d* for nodes of GTG as

28
- CZ‘ 1o Ci i
d:p:< i=1 108 7J+77)a

log 55

di = —71 (1 — max Ci,j) ,
j=1,....,T
where 1 and 7 are hyper-parameters (larger 7 and 7 lead to
dropping more frames and nodes). Our frame dropping cost
d” leads to drop frames with unconfident predictions, indi-
cating that the frames do not correspond to any GTG node
and may contain errors. Meanwhile, our node dropping cost
d? allows dropping the nodes whose highest step probabil-
ities over all frames are low. After obtaining the minimum
cost path, we generate step predictions Y from Y* by flag-
ging the dropped frames as error frames and frames belong-
ing to extra nodes as background. The complexity of our al-

3)



EgoPER

Method Quesadilla Oatmeal Pinwheel Coffee Tea
w-F1@0 EAcc w-F1@0 EAcc w-F1@0 EAcc w-F1@0 EAcc w-F1@0 EAcc
Naive Predictor 11.2 25.0 13.0 25.0 10.4 25.0 18.1 33.3 11.4 25.0
" EgoPEDMV) 75 750 55 750 74 750 109 1000 44 750
GTG2Vid (MV) 5.1 50.0 2.7 50.0 44 50.0 0.6 333 4.0 50.0
GTG2Vid (w/o n.f.) 16.3 75.0 16.4 75.0 29.9 100.0 1.7 33.3 15.2 75.0
GTG2Vid 31.7 100.0 31.3 100.0 17.8 100.0 4.5 100.0 22.1 100.0
CaptainCook4D
Hot Chocolate Sandwich Burritos Ramen Raita
w-F1@0 EAcc w-F1@0 EAcc w-F1@0 EAcc w-F1@0 EAcc w-F1@0 EAcc
Naive Predictor 7.1 20.0 5.1 20.0 7.4 25.0 7.4 25.0 7.3 333
" EgoPEDMV) 73 800 34 800 71 750 33 750 43 666
GTG2Vid (MV) 44 60.0 4.7 40.0 6.7 50.0 2.7 25.0 11.4 66.6
GTG2Vid (w/o n.f.) 2.8 40.0 6.2 60.0 6.1 25.0 4.6 50.0 11.2 66.6
GTG2Vid 10.5 100.0 8.5 100.0 94 75.0 44 75.0 23.0 100.0

Table 1. ER results on EgoPER and CaptainCook4D.

gorithm is O(SQT), same as G2Vid [18], where S, @, and
T denote the number of GTG nodes, separate and linearly-
ordered threads of GTG, and frames, respectively.

4.2. Obtaining Error Features via LLM/VLM

Our next step is to obtain error features for ER. Since we
are only given normal videos during training, we i) lever-
age LLMs to obtain error descriptions for each error type
for every step, and ii) use VLMs to generate the textual fea-
tures that are aligned with visual features. To begin, given
a step ¢ and error type m, we generate its error type de-
scription using LLLMs. The prompt for LLMs combines a
description for step i, error definition for error type m, and
the number of different error type descriptions to produce.
Notice that we directly set normal type description (m = 0)
as the description of step ¢. Next, we generate the feature
vector z7 ,,, for the error description using the text encoder
in VLMs, where 2¢ € RS*M*D is a tensor containing fea-
tures of M error type descriptions for .S steps. When LLMs
are prompted to produce multiple error descriptions for an
error type, we average all features to get a single vector.
Meanwhile, we use the video encoder in VLMs to generate
frame features for videos. In this way, we can ensure that
the features of videos and error descriptions are aligned in
the VLM feature space. See the supplementary materials
for detailed prompts and generated error descriptions.

4.3. Error Recognition Module (ERM)

Our ERM classifies error types for error frames according
to their joint similarities of frame, normal type, and error
type features from Section 4.2 and obtain ER predictions £.

Predicting Steps for Error Frames. First, we obtain 7TAS
predictions Y by inferring GTG2Vid on a video. Next, we
obtain another TAS predictions Y+ = (G5 09 5 ),
where §;” € {0,1,...,S}, by inferring GTG2Vid without
using the frame and node dropping term, forcing GTG2Vid

to map all frames to nodes. It aims to obtain the step predic-
tions for the error frames in Y to find the error type features
of the corresponding steps.

Computing Joint Similarities for Error Recognition.
Next, we compute framewise joint similarities p for ER,
where p, ; € [0,1] and p € RM*T_ For each frame j,
given step prediction §;, Q;-r, and feature :cg, x¢, we find the
error type 71; and compute its joint similarity py,, ; as

0, if ; # —1
M=\ argmax s(zy,z°¢;,m), otherwise @)
me{l,...,M}
1, ifg; #—1
Prinyj = o e ot a . Q)
s(x}, 2 g; ,m;), otherwise
where s(-, -, -, ) is our score function that outputs the joint

similarity of the frame. Our score function is formulated as

S(I;a zea Y, m) = Singid ((‘T;O ) ;Z;;’m)TI';)) (6)

where © is element-wise multiplication and zj,  is the fea-
ture of step description (normal type) for step y. The intu-
ition of using normal type feature is that error frames often
contain multiple sub-steps, including both normal and error
ones (e.g., an actor opens a tortilla bag, grabs a tortilla from
it, and accidentally drops it). A single error type feature
may be unable to effectively match the corresponding error
frames, especially when the number of frames is large and
contain multiple sub-steps which the error description does
not describe. Therefore, our score function computes the
correlation between 33;’0, mzm, and x}] Thus, it jointly con-
siders the similarities of error frames with respect to both
normal and error type features. We validate its effectiveness
for ER in Section 5. Finally, we apply a maximum filter on
each error type of p to smoothen the predictions, followed
by argmax to obtain the error type predictions E.



EgoPER

Method Quesadilla Oatmeal Pinwheel Coffee Tea All

Fl1@.5 Acc Edit FI@.5 Acc Edit FI@.5 Acc Edit FI@.5 Acc Edit FI@.5 Acc Edit FI@.5 Acc Edit
G2Vid 570 537 60.0 68.8 745 768 49.1 527 537 59.1 57.1 75.0 61.1 56.1 694 59.0 58.8 70.0
EgoPED 569 614 473 62.1 548 703 498 547 410 539 59.6 554 694 645 583 564 59.0 545
GTG2Vid 68.1 645 694 833 785 88.6 613 584 609 639 625 737 712 626 769 69.6 653 73.9

CaptainCook4D

Method Hot Chocolate Sandwich Burritos Ramen Raita All

Fl@.5 Acc Edit F1@.5 Acc Edit F1@.5 Acc Edit F1@.5 Acc Edit Fl@.5 Acc Edit F1@.5 Acc Edit
G2Vid 17.1  19.2 238 213 21.7 398 334 275 429 280 339 505 185 23.1 26.1 237 251 36.6

EgoPED 50 217 133 131 225 182 21.1 318
GTG2Vvid 20.8 435 278 272 385 388 36.6 34.0

21.8 157 373 254 226 313 230 155 289 203
413 313 336 429 221 308 261 27.6 36.1 354

Table 2. TAS results on EgoPER and CaptainCook4D.

5. Experiments

5.1. Experimental Setup

Dataset. We evaluate our proposed method on EgoPER
[40] and CaptainCook4D [66]. EgoPER consists of 5 tasks
with 386 egocentric videos and contains 5 types of errors,
including omission, addition, modification, slip, and cor-
rection. Captaincook4D has 24 tasks with 94.5 hours and
contains 8 types of errors, including preparation, measure-
ment, technique, timing, temperature, missing steps, order-
ing, and other. For EgoPER, we evaluate our method on all
5 tasks and error types with the same training and testing
split in [40]. For CaptainCook4D, to have enough videos
for training and testing, we select 5 of the tasks which have
at least 5 normal and error videos: Spiced Hot Chocolate
(Hot Chocolate), Microwave Egg Sandwich (Sandwich),
Breakfast Burritos (Burritos), Ramen, and Cucumber Raita
(Raita). We assign all normal videos to the training set
and error videos to test set. To fit our setting for recogniz-
ing execution errors, we report the following error types in
CaptainCook4D: preparation (Prep.), measurement (Mea.),
technique (Tec.), timing (Time), and temperature (Temp).
See the supplementary materials for breakdown analysis
of EgoPER and CaptainCook4D and their detailed training
and testing splits.

Evaluation Metrics. We report results on ER, TAS, and ED.
In our experiments, we report the F1 score (F1 @) with an
overlapping threshold 5. We compute the F1 score by aver-
aging (if not specified) over the F1 scores that are indepen-
dently computed on the segments for each step or error type.
For ER, we report Error Accuracy (EAcc) and weighted
F1@0 score (w-F1@0). As ER is challenging under the set-
ting of no error video during training, we set 3 to 0, mean-
ing that a segment is true positive whenever any frame in the
segment is correctly classified. EAcc is the percentage of er-
ror types that a model can recognize; that is, the error types
with F1@0 score larger than 0. For w-F1@0, we first com-
pute F1@0 on the error type segments, excluding normal
ones (m = 0), to alleviate the effect of data imbalance (e.g.,

nearly 90% of the segments in EgoPER are normal). We
then compute w-F1@0, where w-F1 @0= Wﬁ%.
w-F1@0 penalizes the model that fails to recognize all er-
ror types. For TAS, we report frame-wise Accuracy (Acc),
segment-wise Edit score (Edit) on normal steps, and F1@.5
score. For ED, we report F1@.5 score on all segments. We
also report F1@.5 score on normal (N.) and error segments
(E.) separately for alleviating data imbalance. For omis-
sion error detection, we use Omission Accuracy (O-Acc),
predicting the accuracy for omission steps, and Omission
Intersection over Union (O-IoU), as in [40].

Baselines. Given the lack of baselines for joint TAS, ER,
and ED, we report the performance of EgoPED (MV), a
modified version of EgoPED [40] that can additionally per-
form ER. EgoPED (MV) computes the cosine similarities
between frames and error types using the error type fea-
tures generated in Section 4.2. Then it assigns frames to the
type with the highest similarity and uses the majority vot-
ing (MV) strategy in [40] over frames within a segment to
decide the final error type for each segment. EgoPED (MV)
detects error segments with step thresholds equal to mean
similarities over videos in the validation set. For ER and
ED, since both datasets have data imbalance, we report the
performance of Naive Predictor as another baseline. Naive
Predictor classifies frames into the same error type for ER
and into normal frames for ED. Specifically, it classifies the
frames into modification errors for EgoPER and prepara-
tion errors for CaptainCook4D. For TAS, we compare with
G2Vid [ 18] to show how G2Vid performs with standard task
graphs. To run G2Vid with our cost matrix, we remove all
the background entries.

Implementation Details. We employ GPT-40 mini [1] as
our LLM for generating error descriptions and VideoCLIP
[94] pre-trained on Ego4D [29] as our VLM for extracting
both visual and textual features for videos and error type
descriptions. For each task in both EgoPER and Captain-
Cook4D, we generate at least 2 descriptions for each error
type of each action. We set the step description as the de-
scription of normal type. We use the backbone in [51] as



EgoPER

Method Quesadilla Oatmeal Pinwheel Coffee Tea All

N. E. Fl@e5 N E Fl@e5 N E Fl@e5 N E Fl@5 N E Fl@5 N E. Fl@s5
Naive Prodictor 144 0.0 72 261 00 _13.1 234 00 117 441 00 221 48 00 24 226 00_ 113
EgoPED 30.1 25.2 277 293 129 21.1 146245 196 95 8.9 9.2 363 340 351 240 21.1 225
GTG2Vid 404 22.6 31.5 585 364 474 30.6 16.0 233 33.1 40 18.6 51.537.0 442 42.8 232 33.0

CaptainCook4D

Hot Chocolate Sandwich Burritos Ramen Raita All

N. E. Fle5 N. E Fl@5 N E Fl@e5 N. E Fl@5 N E. Fl@e5 N E. Fl@5
Naive Predictor 82 00_ 4165 00 32 38 00 19 41 00 20 31 00 16 51 00 26
EgoPED 8.1 24 52 163 6.8 115 163 82 122 124 107 11.6 141 95 11.8 134 175 10.5
GTG2Vid 158 209 183 16.7 128 148 169 19.7 183 22.6 82 154 182 99 140 18.0 143 16.2

Table 3. ED results of different methods on EgoPER and CaptainCook4D. N. and E. denote the F1@.5 score for normal and error segments.

our action segmentation model. We train the model using Method Quesadilla Pinwheel Tea
Adam optimizer with learning rate 0.0001 for 3000 itera- Top-1  Top-2 Top-1 Top-2 Top-1 Top-2
tions. For ER, if §j; = —1 and yj is a background class, we Uniform 250 500 250 500 250 500
directly assign an addition error and preparation error to 77 Cos. Sim. 426 658 277 484 278 453
ERM 54.6 81.5 38.4 60.3 34.3 53.7

for EgoPER and CaptainCook4D, respectively, and assign
the corresponding similarity to 1. For ED, we produce ED
predictions based on & by classifying different error types
into a single error type. In practice, we set 7 = S where .S
is the number of nodes in GTG and n = 0.

5.2. Experimental Results

Error Recognition (ER). Table 1 compares ER perfor-
mance between different methods on EgoPER and Cap-
tainCook4D. Our proposed framework, GTG2Vid, demon-
strates the best recognition ability than Naive Predictor and
EgoPED (MV). Specifically, our proposed method achieves
31.7%, 31.3%, 17.8%, and 22.1% on w-F1@0 compared
to 7.5%, 5.5%, 7.4%, and 4.4% by EgoPED (MV) for que-
sadilla, oatmeal, pinwheel, and tea. On the other hand, our
proposed method outperforms EgoPED (MV) on w-F1@0
for all tasks of CaptainCook4D. In addition, our proposed
method achieves overall higher EAcc than EgQoPED (MV),
indicating that our method can recognize more error types
on both datasets. Notice that our performance on w-F1 @0
for coffee is worse than EgoPED (MV) because EgoPED
predicts most of the segments as errors, shown in Table 3.
Please see supplementary materials for the F1@0 score of
each type of error.

Next, we investigate the effectiveness of our ERM and
our proposed score function (Eq. 6). By replacing ERM
with MV, the performance drops significantly (more than
10% on w-F1@0 across all tasks of EgoPER). On the other
hand, our method, GTG2Vid (w/o n.f.), without using nor-
mal type features suffers a drop on EAcc for most of the
tasks, indicating that our proposed function for computing
joint similarity has a better ability to recognize different er-
ror types. Furthermore, Table 4 shows the Top-1 and Top-2
accuracy of different scoring methods given the features of
ground-truth error segments (average over frame features)
and generated error type features. Our method gains a per-

Table 4. Performance of feature matching methods on EgoPER. Top-1
and Top-2 denote the top-1 and top-2 accuracy over all error segments.

formance boost on Top-1 and Top-2 accuracy. Specifically,
we obtain 10.7% improvement on Top-1 accuracy com-
pared to cosine similarity (Cos. Sim.) for pinwheel, which
verifies our claim in Section 4.3.

Temporal Action Segmentation (TAS). For TAS perfor-
mance shown in Table 2, our method obtains a 13.2%, 6.3%,
and 19.4% higher F1@.5 , Acc and Edit score than EgoPED
on All of EgoPER. For CaptainCook4D, our method obtains
a 12.1%, 7.2%, and 15.1% higher F1, Acc, and Edit score
than EgoPED on All. Furthermore, our method have more
robust TAS performance compared to EgoPED, which suf-
fers a significant performance drop in Hot Chocolate and
Sandwich. Notice that our Edit score on All is comparable
to G2Vid since there are not many omission errors in test
videos. Still, our method achieves a higher F1@.5 score
than G2Vid, which cannot distinguish between background
frames and errors.

Error Detection (ED). Table 3 shows the ED performance
of different methods on EgoPER. Our method achieves
33.0% higher on F1@.5 score, compared to 22.5% by
EgoPED for All in EgoPER. Although EgoPED can ob-
tain a higher F1 score on error segments for quesadilla,
pinwheel, and coffee, its detection ability for normal seg-
ments decreases significantly, specifically a 23.6% drop on
F1@.5 score for coffee compared to our method. Therefore,
compared to EgoPED, our method achieves a better balance
between normal and error segments. For All in Captain-
Cook4D, GTG2Vid outperforms EgoPED, achieving 16.2%
on F1@.5 compared to 10.5% by EgoPED.

Ablation of Node and Frame Dropping Term. We show
ablation studies and investigate the effectiveness of our pro-
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Figure 3. Qualitative results for quesadilla, tea, and oatmeal in EgoPER. The top part shows the results of 7AS for ground-truths, EgoPED, and our method.
The bottom part shows ER results for ground-truths, EgQoPED, and our method. Seg. and E.T. denote action segmentation and error type, respectively.
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Figure 4. Ablation of our proposed node and frame dropping term.

posed node and frame dropping term in GTG2Vid. The two
upper plots in Figure 4 show F1@.5 scores of our proposed
frame dropping term (Ours) with different  and a naive
dropping cost (G2Vid) [18] with different k top percentile
of the values in the cost matrix, for pinwheel and que-
sadilla. Our method achieves 26.0% and 33.8% on F1@.5
score compared to 23.2% and 30.9% by G2Vid. On the
other hand, the two bottom plots in Figure 4 show the F1
scores for TAS with different 7 for our node dropping term.
Smaller 7 indicates GTG2Vid drops a fewer number of
nodes. When 7 is larger or equal to 0, GTG2Vid starts drop-
ping nodes, improving TAS performance on videos with
omission steps.

In addition, Figure 5 shows the performance of omis-
sion detection for different methods on EgoPER. First, since
G2Vid is unable to drop nodes of a graph, it cannot predict
any omitted steps, resulting in 0% on O-Acc and O-IoU.
Second, although our method suffers a performance drop
on O-IoU (5.7% lower than EgoPED on All), we gain a
performance boost on O-Acc (10% higher than EgoPED on
All), indicating that our method successfully drops nodes of
a task graph according to the input videos and has a stronger
capability for detecting omitted steps. To conclude, our pro-
posed method uses 1) dynamic frame dropping term to pre-
cisely drop error segments and 2) dynamic node dropping
term to drop unnecessary nodes of task graphs for better
TAS and omission detection performance.

Qualitative Analysis. We visualize ER results in Fig. 3.

T 1
100 W EgoPED  mmm Ours

87.2

75.1

O-Acc

Quesadilla Oatmeal Pinwheel Coffee Tea Al

80
72.2 70.6
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Quesadilla Oatmeal Pinwheel Coffee Tea All

Figure 5. Omission detection results of different methods on EgoPER.

Our method can recognize different types of errors, e.g., ad-
dition errors (red) on fea, addition and correction (orange)
errors on quesadilla, and modification errors (blue) on oat-
meal. Our method obtains more accurate 7AS, ED, and ER
results for error videos on quesadilla, tea and oatmeal com-
pared to EgoPED, thanks to dynamic frame and node drop-
ping term in GTG2Vid and our proposed ERM. See supple-
mentary materials for more qualitative visualization.

6. Conclusions

We studied joint ER and TAS in procedural task videos. Our
proposed framework consists of 1) generalized task graphs
to capture correct steps and background, 2) a GTG-Video
Alignment algorithm to find the optimal alignment between
nodes in GTG and video frames with dynamic dropping
terms, 3) a procedure for generating error descriptions for
each error type of every step using LLMs and the corre-
sponding features using VLMs, and 4) an Error Recognition
Module to effectively perform ER using joint similarities.
Our experiments on two datasets showed that our proposed
method can obtain promising results on ER, ED, and TAS.
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