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Abstract

Virtual task assistants must recognize and explain users’
mistakes to provide effective and corrective guidance. In
this paper, we address the problem of error reasoning in
long task videos, which is to detect and explain errors.
Although recent Vision—Language Models (VLMs) demon-
strate strong capabilities in visual question answering, they
struggle to attend to the sparse spatiotemporal cues asso-
ciated with errors in long task videos. We introduce an
error reasoning framework, AXG-Reasoner, that leverages
a frozen VLM in conjunction with a proposed Action eX-
ecution Graph (AXG) and a temporal action segmentation
(TAS) model, obtained and learned from normal (error-free)
videos. To enable VLMs to attend to the sparse spatiotem-
poral cues associated with errors, we decompose each ac-
tion segment of the video, obtained by TAS, into a sequence
of fine-grained subactions by aligning it with the AXG.
For each subaction segment, we query the VLM using a
small number of keyframes and enhanced prompts to de-
tect and explain errors, enabling data efficiency. To avoid
costly manual subaction annotations, we develop a method
to automatically construct AXG from training videos us-
ing foundation models. Extensive experiments on EgQoPER
and CaptainCook4D show that our method consistently im-
proves over VLM baselines in error explanation by effec-
tively identifying spatiotemporal cues and achieves state-
of-the-art performance in error detection. '

1. Introduction

People continually acquire new skills to enrich their daily
lives and enhance their professional activities. To support
this learning process, Al task assistants have emerged to
analyze users’ behaviors over time and provide adaptive,
context-aware guidance. This has motivated research on ac-
tion recognition [3, 4, 15, 16, 28, 30, 38, 56], temporal ac-
tion segmentation [14, 19, 23, 26, 27, 32, 34, 35, 47, 49, 50,

lcode: https://github.com/robert80203/AXG-Reasoner
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<Prompt>: Your goal is to ‘make tea’. You have finished the following steps: Measure water. Pour water into
kettle. ... Now you are trying to do action ‘stir using spoon’. Given a sequence of images for ‘stir using spoon’,
output a score to show the correctness of the action and determine if there has been an error during execution
and your reason. The score ranges from 0 to 1. Higher score indicates the action in the images is more correct.
The output format: Score: <score>, Reason: <reason>"
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Score: 0.8, Reason: The person is holding a spoon and appears to be stirring the contents of the mug, which is
consistent with the action of stirring tea. However, the score is not a perfect 1 because the stirring motion is not
explicitly shown in the still image, and we cannot confirm the thoroughness of the stirring action. The overall
setup and the person's hand position indicate a high likelihood of correct execution, hence the score of 0.8.
There does not appear to be any error in the execution based on the provided image

<Prompt>: Your goal is to ‘make tea. You have finished the following steps: Measure water. ... Pour water into
mug. Now you are trying to do action ‘place tea bag in mug'. Given a sequence of images for ‘place tea bag in
mug', output a score to show the correctness of the action and determine if there has been an error during
execution and your reason. The score ranges from 0 to 1. Higher score indicates the action in the images is more
correct. The output format: Score: <score>, Reason: <reason>"

VLM
Score: 0.8, Reason: The sequence of images shows the person handling a tea bag and placing it into a blue
mug, which aligns with the action of 'Place tea bag in mug'. However, the score is not a perfect 1 because the
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images do not explicitly show the tea bag being fully submerged or the string being left outside the mug, which
are typical steps in this process. Overall, the action is mostly correct, hence the score of 0.8. There does not
appear to be any significant error in the execution based on the provided images

Figure 1. VLMs can fail to recognize and explain errors in long task
videos. In the top row, the VLM (Qwen2.5-VL-32B) fails to recognize
spatially subtle error (using knife instead of spoon). In the bottom row, the
VLM fails to recognize a temporally subtle, short error (dropping tea bag).

52,54,61,62,69], video grounding [2, 9, 11, 29, 36, 40, 55,
66, 70], progress prediction [8, 63], and learning from in-
structional videos [5, 12, 13, 22, 39, 41, 42, 48, 51, 53, 65].
A key required capability of Al task assistants is the ability
to detect and explain user errors, enabling users to under-
stand and correct their mistakes effectively. This has mo-
tivated recent research on error understanding, which has
primarily focused on error detection [7, 17, 18, 21, 25, 37,
43, 58] and error recognition [24]. However, the problem of
providing error explainability remains largely unsolved.

In this paper, we address the problem of error reason-
ing — the task of detecting errors in long task videos and
explaining why they have been detected as errors. This
capability offers two key advantages. First, it facilitates
task learning by helping users clearly understand the mis-
takes they make during the process. Second, it reveals



the model’s rationale when identifying potential errors, en-
abling more accurate improvements and promoting inter-
pretable and trustworthy behavior. Despite recent advances
in Vision—-Language Models (VLMs) for addressing Visual
Question Answering (VQA) in videos [1, 6, 33, 45, 57, 68],
significant challenges remain, particularly for error reason-
ing in long task videos.

First, errors in task videos are often spatially and tem-
porally subtle compared to their corresponding correct ac-
tions, making them challenging for VLMs to detect and in-
terpret. For example, using an incorrect tool or object in
part of a long video may involve only a minor spatial differ-
ence between two small objects (e.g., spoon versus knife),
posing a challenge for error detection and explanation via
VLMs (the top row in Fig. 1). Similarly, when most of
an action execution is correct but a short temporal segment
contains an error (e.g., picking up a tea bag but dropping it
in the middle of the clip, picking up another one, and trans-
ferring it to the mug), understanding the error becomes dif-
ficult for VLMs (the bottom row in Fig. 1). Consequently,
VLMs exhibit performance degradation in error detection
and explanation for long videos, as they fail to focus on the
sparse spatial and temporal cues associated with errors, in
contrast to the abundant cues available for correct actions.
Therefore, our first objective is to enhance the ability of
pretrained VLMs to focus on sparse spatiotemporal cues
indicative of errors.

Second, due to limited computational resources and the
need to maintain efficiency, VLMs can process only a small
subset of frames at inference time from the large number
of frames present in long task videos. Selecting keyframes
that effectively capture the essential content of each action
can therefore help alleviate computational bottlenecks and
mitigate the aforementioned loss of focus on temporal cues.
Prior work on long-video reasoning has explored various
keyframe selection strategies [31, 59], such as hierarchi-
cal tree structures for identifying keyframes corresponding
to both coarse- and fine-grained activities [59]. However,
these approaches fail to specify the precise actions that must
be correctly performed in the selected keyframes, which is
crucial for guiding VLMs in detecting and explaining er-
rors. Thus, our second objective is to improve data effi-
ciency by selecting most informative keyframes and in-
voking VLMs only on them.

Third, general action descriptions in VLM prompts lack
the precise contextual details necessary for error reason-
ing. For example, the general action “place tea bag in mug”
may involve several subactions, such as “grab a tea bag,”
“open the package,” “remove the tea bag from the pack-
age,” and “place the tea bag in the mug,” each of which
can lead to different types of errors. Prompting VLMs with
high-level actions often yields unpredictable and imprecise

outputs, as the models must first decompose the action into
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fine-grained subactions and then infer possible errors based
on their prior knowledge. Therefore, our third objective is to
design precise prompts based on fine-grained action de-
composition to more effectively leverage VLMs’ reasoning
capabilities for detecting and explaining errors.

Paper Contributions. We propose a framework to address
the aforementioned challenges of error reasoning in long
task videos using frozen VLMs. We first segment long
task videos into action segments using a TAS model learned
from only normal (error-free) training videos. To mitigate
VLMs’ limitations in attending to subtle spatial and tem-
poral cues associated with errors in long video clips, we
automatically decompose each action segment into a se-
quence of subactions and leverage the strengths of VLMs
in understanding short clips to reason about subaction cor-
rectness. We make the inference data-efficient by calling
VLMs to reason about keyframes of the small number of
subactions. We incorporate the subactions themselves into
VLM prompts to enhance error reasoning.

To avoid costly manual subaction annotations, we intro-
duce an Action eXecution Graph (AXG) built automati-
cally from training videos using foundation models. The
AXG captures subactions and encodes feasible execution
paths. It is also training-free (requiring no parameter op-
timization) and can be seamlessly integrated with any off-
the-shelf TAS model and VLM.

During inference, we perform graph-to-video alignment
to segment each action clip produced by TAS into subac-
tions, apply VLM-based reasoning on their keyframes, and
aggregate the results for error detection and explanation.
Extensive experiments on the EgoPER and CaptainCook4D
datasets show that our method surpasses state-of-the-art ap-
proaches in error detection and explanation, while maintain-
ing high data efficiency.

2. Related Work

Error Understanding for Procedural Tasks. Recent stud-
ies have explored various directions in understanding errors
within procedural tasks, including online/offline error de-
tection [17, 21, 25, 37], error recognition [24], and error
explanation [43]. Specifically, EgoPED [25] and AMNAR
[21] focus on offline error detection, primarily targeting ex-
ecution errors by utilizing action feature prototypes. In con-
trast, PREGO [17] and DTGL [37] perform online detection
for procedural errors by leveraging action recognition mod-
els with LLMs and the pre-conditions based on the learned
task graph, respectively. Beyond detection, GTG2Vid [24]
jointly detects errors and classifies their types to provide
precise feedback to users. Moreover, MistSense [43] trains
a framework that integrates an error detection model with a
large language model (LLM) to both identify errors and ex-
plain their causes, enhancing user understanding and expe-
rience. In contrast, we address error reasoning in long task



videos by leveraging VLMs with our training-free AXG,
enabling generalizable and interpretable reasoning.

Long Video Understanding via VLMs/LLMs. Recent de-
velopments of large language models (LLMs) and vision-
language models (VLMs) has advanced research in long
video understanding [31, 33, 59, 60, 64]. Due to limited
computational resources and the need for flexibility, sev-
eral recent works have explored training-free frameworks
that leverage VLMs for different vision tasks over long
videos. For instance, LAVAD [64] tackles video anomaly
detection by employing VLMs for frame-level captioning
and LLMs for temporal aggregation and anomaly score es-
timation. Other training-free approaches focus on identi-
fying frames that provide precise visual cues for effective
video understanding. For example, VIDEOTREE [59] con-
structs a hierarchical tree to model video activities at mul-
tiple granularities, using Adaptive Breadth Expansion to
extract key information and Relevance-guided Depth Ex-
pansion to capture finer visual details. BOLT [31] investi-
gates different frame selection strategies and demonstrates
that inverse transform sampling improves performance by
increasing the sampling probability of frames with higher
relevance to the given query. Our method jointly consid-
ers keyframe selection and prompt generation to effectively
address error reasoning in long task videos.

3. Proposed Method

3.1. Problem Setting and Overview

Problem Setting. Assume we have a video that con-
sists of multiple actions from a given task, and that some
of its frames may contain user errors during task execu-
tion. Let X = ((Iy,x1),(I2,%2),...,(Ir,x7)) denote
the sequence of video frames and their corresponding pre-
extracted features. We represent the segmentation of the
video into distinct actions as V = (v, Vs, ..., vy), where
N is the number of action segments and each segment
v, = (an,t5,t%) consists of the action class a,, and its
start and end frame indices ¢} and ¢, respectively. Here,
an € {0,...,A}, where A is the number of actions and
class 0 indicates background (task-irrelevant actions). For
error reasoning, our goal is twofold: (1) Error detection:
predict segment-wise errors Y = (y1,Y2,...,Yn), Where
yn € {0,1} and y, = 1 indicates the presence of an error
in segment n; and (2) Error explanation: generate tex-
tual justifications Z = (z1, 29, ..., 2N ), Where each z, is a
free-form description explaining why (or why not) the cor-
responding segment is erroneous.

For training, we assume we have only normal (error-free)
videos of the task with ground-truth framewise action la-
bels. As discussed in the introduction, each coarse-level ac-
tion can be decomposed into fine-grained subactions, e.g.,

“put tea bag in mug” may consist of “grab a tea bag,” “open
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Figure 2. Our subaction generation pipeline consists of 1) action and ob-
ject description generation via a VLM, 2) clustering with temporal-aware
text embeddings and cluster pruning, 3) subaction generation via a LLM.
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the package,” “remove the tea bag from the package,” and
“place the tea bag in the mug”. We do not assume training
videos come with ground-truth subactions, which is very
costly to gather.

Framework Overview. We first train a temporal ac-
tion segmentation (TAS) model ¢ on the available training
videos using any existing architecture [24, 25, 34]. A key
observation is that frames containing errors are typically
classified as one of the action classes (rather than back-
ground) in the TAS output (see Figure 5). This is because
errors are often spatially and temporally subtle relative to
their corresponding correct actions. Our goal is to leverage
frozen VLMs to efficiently analyze each action segment for
error reasoning: (1) detecting if a segment contains an error
and (2) generating a corresponding textual explanation.

To help VLMs focus on the sparse spatial and temporal
cues associated with errors, while also improving data effi-
ciency by reducing the number of VLM queries, we divide
each action segment into a sequence of subaction segments
and select keyframes from each subaction as input to the
VLM. This enables the VLM to reason over short, infor-
mative clips rather than long, redundant action sequences,
providing both stronger reasoning and faster inference.

To automatically obtain subaction segments, we con-
struct an Action eXecution Graph (AXG) from the train-
ing videos using foundation models. In brief, this involves
captioning the frames of each action using a VLM, perform-
ing temporally aware clustering of the resulting text embed-
dings, and extracting subactions using an LLM. The nodes
of the AXG represent subactions, while the edges encode
predecessor—successor relationships, defining feasible sub-
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Figure 3. The illustration of our AXG construction process. We constrcut
AXG by enumerating all possible subaction sequences and retain the paths
that commonly observed in training videos.

action sequences. By aligning this graph with a given action
clip (graph-to-video alignment), we segment the clip into
subactions. Finally, we enrich VLM prompts with the iden-
tified subactions to improve the quality of error reasoning.

3.2. Learning Subactions from Training Videos

Our goal is to automatically extract the subactions involved
in performing each action. To do so, we take ground-truth
segments of an action across training videos, sample one
every ( frame and use a VLM with the prompt P c40n (€.2-,
“describe the action the person is doing and the name for ev-
ery object the person is interacting with”’) to produce action
descriptions and object names for those. We use Sentence
BERT [46] to embed descriptions of actions and objects for
the selected frames, see Figure 2.

We apply Kmeans clustering on temporally-aware tex-
tual embeddings to produce K temporally contiguous and
coherent subaction clusters. More specifically, we embed
the time-stamp t;,. = round(% x 100) of each text
embedding using a sinusoidal embedding and combine it
with textual embedding by summation, where ¢,t°,t¢ de-
note the timestamps of the frame associate to the text, and
the start and end of the associated action segment, respec-
tively. This allows distinguishing similar actions that have
different context (e.g., holding a kettle before moving it
close to mug vs holding it after pouring water from it to
the mug), thereby facilitating more accurate subaction lo-
calization across varying temporal contexts. Some subac-
tion clusters, however, may be invalid (e.g., irrelevant to
the action) due to noisy or inconsistent action descriptions
generated by VLMs. A key characteristic of such clusters
is having a small size. Therefore, to obtain valid clusters,
we discard clusters whose size is less than T}, /K, where T},
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Algorithm 1 Inference Procedure for Error Reasoning
I: Inputs: 'V = (vi,va,...,VN),Vn = (Gn,t5,t5), X
((Il,x1)7 (127)(2), ey (IT,XT)), and Gl, ey GA
2: Outputs: Z = (z1,22,...,2n), Y = (Y1,Y2,-.,YN)
3: forn =1to N do

4: Segments < G2V(Gl,,, (Xts, ..., Xze ) >TSS
5: for Segment in Segments do

6: Frames < Sampling_Frames(segment)
7: if Assigned segment then

8: score, reason < F (Frames, P°)

9: else
10: score < 0
11: reason < F (Frames, P")
12: end if

13: yn <« 1, if score < 0.5
14: Zn < Zn@ reason
15: end for

16: end for

17: return Y, Z

denotes the total number of action descriptions in cluster k.’

Next, for objects in each valid cluster (associated with a
subaction), we use an LLM to obtain the most common ob-
jects in that subaction (we use the prompt “output at most
five object names that commonly occur in O”, where Oy,
consists of all object names identified by VLM in cluster
k). We then use these common objects to better summa-
rize the action descriptions in the same cluster using an
LLM. More specifically, we use an LLM with the prompt
“output an action that most commonly occurs in the descrip-
tions: C by focusing on the object names in Of”, where
C}; denotes all VLM-based action descriptions in cluster k.
Repeating this process across all valid clusters and remov-
ing repetitions of the same subaction summary, we produce
final textual list of subactions and their features by perform-
ing average over pre-extracted features corresponding to the
frames in each cluster associated with an action.

3.3. Action eXecution Graph (AXG)

We build the AXG of each action, which encodes feasible
sequences of subactions to perform it, see Figure 3. It is a
directed acyclic graph G = (U, E), where each node u € U
denotes a subaction in an action and each edge (u;,u;) € E
indicates that the subaction u; can start only after subaction
u; is done. In the AXG, each path from the source node s
to the sink node s’ represents a valid subaction sequence to
execute the action. To construct the AXG for action 7, de-
noted by G;, we first construct an initial graph G by using
the set of subactions obtained from our clustering approach
(discussed in the previous subsection) and enumerating all
possible subaction sequences as paths in this graph. We

2In our experiments, this choice worked well. Smaller thresholds in-
creased the number of both good and noisy (bad) clusters.



EgoPER

Method VIM Quesadilla  Oatmeal Pinwheel Coffee Tea All
Naive S 4.0 4.0 4.0 00 6.0 3.6
VTREE [59] < 5.0 6.0 4.0 1.0 9.0 5.0
AXG H 220 170 180 17.0 13.0 174
Naive = 22.0 19.0 18.0 22.0 18.0 19.8
AXG g 31.0 22.0 27.0 20.0 23.0 24.6
Cook4D

Hot Chocolate Sandwich Burritos Ramen Raita All
Naive s 8.0 4.0 4.0 20 3.0 40
VTREE [59] < 3.0 3.0 6.0 20 1.0 3.0
AXG H 180 210 200 18.0 19.0 19.2
Naive = 19.0 16.0 24.0 19.0 12.0 18.0
AXG E 23.0 21.0 19.0 18.0 25.0 21.2

Table 1. Error explanation performance (%) on GT action segments.

then obtain the AXG G using graph-to-video alignment by
pruning G¢ via retaining the subaction sequences that are
commonly observed in the training videos of action .
More specifically, we perform graph-to-video align-
ment (G2V) to associate frames within each ground-truth
segment of action ¢ in the training videos with their corre-
sponding subactions in G¢. In practice, we use [10] as the
G2V method, which allows dropping frames when no sub-
actions are matched. G2V also provides the optimal path
that best aligns with the sequence of frames. We record the
occurrence count of each subaction sequence, and construct
G; by retaining only sequences whose occurrence counts

N, L J, where N, denotes the to-

are greater than or equal to | 4/

tal number of training action ¢ segments and M is the num-
ber of paths of G that occur at least once in the training
videos. This ensures that only consistently observed sub-
action sequences are preserved, yielding a robust and rep-
resentative AXG structure that captures the common proce-
dural flow while discarding outlier or noisy variations.

An alternative yet naive approach to build AXG is to
aggregate subaction sequences from training videos by as-
signing subactions to frames according to their correspond-
ing subaction clusters. However, the obtained subaction
segmentations often contain noise, as they may include re-
peated or interleaved subactions that deviate from the order-
ing typically observed in the action.

3.4. Error Reasoning Inference

At test time, we leverage VLMs with our actionwise-AXGs
(we have one AXG per action) to perform error detection
and explanation in long task videos. Inference consists of
two stages: (1) Temporal Subaction Segmentation (TSS)
and (2) Reasoning with VLMs, see Algorithm 1.

Temporal Subaction Segmentation (TSS). We use a tem-
poral action segmentation model ¢ to segment the test
video into actions and obtain action segments V

3425

EgoPER Cook4D
Method TAS VIM "B Fl@es5 N. E Fl@5
EgoPED [25] ACTE  _ 240211 225 134 7.5 105
GTG2Vid [24] GTG2Vid 2 428232 330 180143 162
Naive ACTF 106240 173 204210 207
AXG  ACTF 7 274244 259 181280 211
Naive GTG2Vid 5 30.6 102 204 133174 153
AXG GTG2vVid © 364304 334 19.0382 285
Naive ACTF 310 102 206 180157 169
AXG ACTF % 305207 256 187288 23.8
,,,,,,,,,,, g 305207 256 187288 238
Naive GTG2Vid § 301 91 196 159214 187
AXG GTG2vid = 383252 318 19.039.1 29.0

Table 2. Average Error Detection results of different methods over all
tasks in each dataset for EgoPER and CaptainCook4D.

Bl 5 clusters (K=5)
oatmeal

Bl 10 clusters (K=10) s 20 clusters (K=20)

tea

Count of Actions

3

Number of Subactions per Action

Figure 4. Distribution of the number of subactions per action. Each bar
shows how many actions contain a given number of subactions.

(vi,va,...,vN), with v,, = (a,,t5,t%). For a non-
background action segment v,, with action a,, = i, we per-
form TSS using graph-to-video (G2V) alignment [10] us-
ing the AXG G;. We ignore background segments, since
they are task-irrelevant actions by definition and most error
frames are classified as action segments (see the analysis
in the experimental section). We perform TSS for all action
segments and obtain their corresponding subaction segmen-
tations. In the output of G2V, each subaction segment is ei-
ther assigned to a subaction or dropped (not matched with
any subaction, hence considered as error).

Reasoning with VLMs. We use a VLM F to perform er-
ror reasoning on subaction segments. We uniformly sample
o frames from each subaction segment as keyframes for F.
We design two types of prompts for F to handle assigned
and dropped segments, respectively. A segment assigned
to a subaction may contain subtle errors related spatial or
temporal deviations (e.g., using spoon versus knife) as they
are visually similar to the associated subaction. To han-
dle them, we use F to obtain the correctness score and tex-
tual justification. We use the subaction and action to create
an enhanced prompt P¢: “You are performing subaction



N EgoPER Cook4D

EgoPER Cook4D & 88.6
Method VLM 25" L0 0 TR Method VLM EgoPER Cook4D & ol
Naive 5 871 263 567 53.0 299 415 Naive S 34 54 « o0
VIREE & 856 222 539 528 347 437 VIREE & 4.8 2.8 & 5.8
AXG 2 801 47.0 63.6 247 655 451 AXG & 16.8 26.6
Naive 2 882 137 509 67.5 222 449  Naive 2 184 194 & o2
AXG £ 792 441 616 338 58.0 459 AXG E 25.0 214 & e

Table 3. Error detection performance of methods on GT
action segments for EgoPER and CaptainCook4D.

< subaction > of action < action >. Given a sequence of
images, output a score that measures the correctness of the
subaction being performed and provide your reason, where
the score ranges from 0 to 1.

On the other hand, we consider segments dropped by
G2V as errors, since they do not correspond to any valid
subaction. We use F to produce the textual description
describing the error and with the correctness score set to
0. We use the prompt P": “You are performing action
< actton > and you have made a mistake. Given a se-
quence of images, describe the mistake being made.”. See
our supplementary materials for the details of the prompts.

Finally, we predict action segment v,, as erroneous if
the correctness score of any subaction within v, is less than
or equal to 0.5 and generate the justification z,, by combin-
ing all descriptions of subaction segments within v,,.

4. Experiments

4.1. Experimental Setup

Dataset. We evaluate our proposed method on EgoPER
[25] and CaptainCook4D [44] for error reasoning, includ-
ing error detection and explanation. EgoPER consists of
5 procedural tasks with 386 egocentric videos, 5 types
of errors, and the corresponding error descriptions, which
we use as ground-truth error explanation text. Captain-
Cook4D contains egocentric procedural tasks videos among
24 tasks with various types of errors and their descriptions
as well. For EgoPER, we use all 5 tasks for evaluation
with the same training and testing split in [25]. For Cap-
tainCook4D (Cook4D), we follow [24] to select task Spiced
Hot Chocolate (Hot Chocolate), Microwave Egg Sandwich
(Sandwich), Breakfast Burritos (Burritos), Ramen, and Cu-
cumber Raita (Raita) for evaluation as they have sufficient
normal and erroneous videos for both training and evalua-
tion. For each dataset, we report the average score over all
its asks, referred to as All.

Evaluation Metrics. For error explanation evaluation, we
use an LLM to evaluate free-form descriptions Z based on
ground-truth (GT) action segments. We use the prompt
“output a similarity score based on the semantics between
GT and predicted descriptions, where the score is from 0

Table 4. Error explanation (%) for ac-
tions with one subaction on GT segments.
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classified as actions by different TAS models.
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to 1”. For error detection evaluation, we follow GTG2Vid
[24] to compute the segment-wise F1 score using an overlap
threshold ~y to determine whether a predicted segment is a
correct match. To address data imbalance, we report two F1
scores, N. and E., which treat normal and error segments as
the positive class, respectively. Their average is reported as
Fl1@~. Also, we report F1 score with GT action segments
to show the upper-bound performance of error detection.

Baselines. For error explanation, we compare our meth-
ods with a keyframe selection method, VIDEOTREE [59]
(VTREE), and a naive baseline (Naive) that uniformly sam-
ple o frames from action segment as keyframe for F with
prompt “You are performing action < action >. Given a
sequence of images, output a score that measures the cor-
rectness of the action being performed and provide your
reason, where the score ranges from 0 to 1”. We use
two VLMs as F for error reasoning: Qwen2.5-VL-32B-
Instruct [45] (Qwen2.5-VL) and InternVL3_5-14B [57] (In-
ternVL3.5). For error detection, we report the performance
of Qwen2.5VL, InternVL3.5, and other two non-VLM er-
ror detection baselines GTG2Vid [24] and EgoPED [25].
Since GTG2Vid also performs TAS, we use ActionFormer
(ACTF) [67] and GTG2Vid [24] as TAS model ¢.

Implementation Details. We use Timesformer [3] pre-
trained on Ego4D [20] to extract frame features from videos
as in [24]. We set the number of sampling frames « to 8 and
3 for Qwen2.5-VL and InternVL3.5, respectively across all
datasets. We set the number of clusters K = 5 to obtain
a decent performance across different datasets for both er-
ror detection and explanation. To avoid noisy reasoning
on oversegmented subaction segments, in practice, we ig-
nore the subaction segments whose duration is less than
2 seconds. We set the sampling frame rate 3 = 6. We
use Qwen2.5VL as the VLM for generating action descrip-
tions and object names from frames. We use Qwen2.5-32B-
Instruct (Qwen2.5) as the LLM for object/subaction gener-
ation and error explanation evaluation. We train different
TAS models on EgoPER and CaptainCook4D, respectively.
We do the training and evaluation on a NVIDIA H100 GPU.



K Oatmeal Tea Hot Chocolate Burritos

S F1 S F1 S F1 S F1
5 200 651 17.0 771 220 39.0 27.0 39.7
10 180 632 180 744 19.0 42.2 29.0 414
20 220 613 19.0 748 26.0 40.2 30.0 399

Table 5. Error detection (F1) and explanation (similarity score, S) perfor-
mance of AXG across different values of K.

4.2. Experimental Results

Error explanation. Table | shows the error explanation
performance of different methods on GT action segments
for EgoPER and CaptainCook4D. For All in EgoPER, our
method outperforms VTREE and Naive (Qwen2.5-VL) by
achieving 17.4% and 24.6%, compared to their gains of
5.0% and 3.6%. For All in CaptainCook4D, our method
achieves improvements of 19.2% and 21.1%, exceeding the
4.0% and 18.0% obtained by Naive (Qwen2.5-VL and In-
ternVL3.5).

Our experiments yield three main findings. First, AXG
consistently improves the error explanation performance of
both Qwen2.5-VL and InternVL3.5, demonstrating its ef-
fectiveness in keyframe selection and enriched prompt con-
struction. Second, VTREE struggles to identify keyframes
in task videos, as it primarily relies on LLM-based cluster-
ing without explicitly modeling procedural action structure.
Third, InternVL3.5 reliably outperforms Qwen2.5-VL in er-
ror explanation across all settings.

Error Detection. Table 2 compares error detection per-
formance across different methods on EgoPER and Cap-
tainCook4D using various TAS models. Overall, AXG
consistently outperforms the naive baseline, improving
F1@0.5 by roughly 13% on both datasets when paired
with GTG2Vid as TAS model and Qwen2.5-VL. Moreover,
AXG achieves state-of-the-art performance, yielding gains
of 33.4% and 29.0% with Qwen2.5-VL and InternVL3.5,
respectively, higher than the 33.0% and 16.2% reported by
GTG2Vid on EgoPER and CaptainCook4D. These results
indicate that our method enhances VLMs’ ability to detect
errors without over-flagging normal segments.

Next, Table 3 reports error detection performance on GT
action segments, reflecting the upper-bound capability of
the models. Under this setting, AXG achieves 63.6% and
45.1% F1@.5, outperforming VTREE (53.9% and 43.7%)
and Naive (56.7% and 41.5%) on EgoPER and Captain-
Cook4D with Qwen2.5-VL. AXG also improves over In-
ternVL3.5, reaching 61.6% and 45.9%, compared with the
naive baseline scores of 50.9% and 44.9%. Although AXG
shows a drop in N., indicating that it over-flags normal seg-
ments as errors, it achieves superior overall error detection
performance compared to the naive baseline and VTREE.

Temporal Action Segmentation on Errors. We investi-
gate the prediction behaviors of different TAS models when
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Figure 6. Visualization of AXG (left) and GT subactions (right) for the
actions “put bowl in microwave” (top) and “add honey to mug” (bottom).

they encounter errors mentioned in Section 3.4. Figure 5
presents the percentage of error frames classified as any
action class rather than background class by TAS models.
Across both datasets, the most error frames are categorized
as actions, accounting for over 80% in all cases. This ob-
servation indicates that errors predominantly occur within
action segments rather than background ones, consistent
with the intuition that procedural mistakes are more simi-
lar to normal actions, justifying our claim in Section 3.4.
Among the models, GTG2Vid and a recent TAS model,
FACT [34], achieve slightly higher action-error ratios than
EgoPED, implying that their segmentation boundaries align
more closely with actual error regions.

Detailed Analysis for Subactions in AXG. In this section,
we 1) analyze how the number of subactions generated by
AXG varies with the number of clusters K and how this
relates to error detection and explanation performance and
2) visualize the subactions.

Figure 2 shows the distribution of subaction counts per
action under different clustering settings () = 5,10, 20).
Across the four tasks, most actions contain only a single
subaction with ¥ = 5 or 10. This trend suggests that the
majority of actions are either (1) simple, (2) temporally
short, or (3) dominated by one long subaction, with only a
small portion requiring multiple subactions to capture finer
procedural structure. Table 4 reports the error explanation
performance specifically for actions whose AXGs contain
only one subaction. Specifically, AXG achieves 25.0% and
21.4% higher F1 scores than the naive baseline with In-
ternVL3.5. This demonstrates that performing TSS with
a single-subaction AXG can effectively localize a refined
subaction segment and erroneous frames within an action,
improving error explanation.

As the number of clusters increases, we observe a rise in
actions containing more subactions, reflecting the finer pro-
cedural granularity captured by larger values of K. Table
5 reports error explanation and detection performance on
GT action segments across different cluster sizes for Oat-
meal and Tea in EgoPER, and Hot Chocolate and Burritos
in CaptainCook4D. The results show that larger K gener-
ally improves AXG’s error explanation performance, sug-
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motion, indicating the action of stirring. This aligns perfectly with the subaction "The
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tearing it to prepare for steeping

Score: 1.0, Reason: The sequence of images shows a person holding a tea bag and placing
itinto a mug, which aligns perfectly with the subaction "The person is placing a tea bagin
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Figure 7. Qualitative results on error reasoning for action “stir mug using spoon” (top) and “place tea bag in mug” (bottom) of task Tea in EgoPER.

gesting that finer subactions offer more temporal cues for
identifying errors. However, increasing the number of clus-
ters degrades error detection performance, indicating that
excessive granularity introduces noisy subactions that may
cause AXG to over-flag normal segments as errors.

Finally, we manually construct the ground-truth (GT)
AXGs for two actions in EgoPER and provide qualitative
comparisons in Figure 6, which demonstrate that our AXGs
are semantically meaningful. However, GT AXGs may
have annotator bias, as their structure can vary based on
subjective interpretations of subactions. Overall, our AXGs
closely align with those constructed by human annotators.

Qualitative Results. Figure 7 (left) shows the explana-
tion generated by Qwen2.5-VL, while the right panel dis-
plays the subaction segments and corresponding explana-
tions produced by AXG. The frames in the gray box at the
top of the figure illustrate the error “stir mug using knife”
for the correct action “stir mug using spoon”, demonstrat-
ing the minor spatial difference between the two objects.
The naive baseline fails to distinguish this subtle difference.
Although AXG also struggles to correctly classify the ac-
tion due to the underlying VLM’s limited capability, it suc-
cessfully drops the erroneous frames (hence we declare the
segment as error) and generates an accurate explanation:
“You are attempting to stir the tea using a knife instead of a
spoon” (shown in green). A key observation is that prompt-
ing the model with phrases such as “You have made a mis-
take” significantly improves the VLM’s ability to attend to

the correct object and localize the source of the error.

On the other hand, the frames at the bottom of the fig-
ure shows the error “drop tea bag on floor” for the correct
action “place tea bag in mug”, demonstrating the error oc-
curring shortly in the action. Naive baseline recognizes the
action as correct because the action is performed eventually
but provides bad explanation “the images do not explicitly
show the tea bag being fully submerged or the mug being
filled with water” (in red). Our method segments the action
into three subactions (first, third, and fourth one) with ex-
planations that correctly describe the associated subactions
and one dropped segment (second one) with correct expla-
nation “you accidentally drop it on the floor” for describing
errors. AXG effectively localizes the short segment con-

taining errors with good explanation.

5. Conclusions

We investigated error reasoning in long task videos, by
proposing and incorporating into VLMs the Action eXecu-
tion Graph (AXG), a training-free method that decomposes
each action into subactions and encodes their possible ex-
ecution sequences. By performing temporal subaction seg-
mentation, AXG identifies keyframes and enriches prompts
with subactions to facilitate error reasoning. Experiments
on two datasets demonstrate that our framework effectively
detects errors when combined with various temporal action
segmentation models and consistently enhances error expla-

nation performance across different VLMs.
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