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Abstract

Failures are inevitable when embodied agents
execute complex tasks. Visual-language mod-
els (VLMs) serve as the core component of em-
bodied agents in perceiving the environment
and making decisions. Assessing the capa-
bilities of VLMs in detecting and reasoning
about failures has become increasingly impor-
tant. Previous work primarily considered low-
level manipulation failures (e.g., 3cm grasp oft-
sets), neglecting high-level failures arising dur-
ing long-horizon task execution (e.g., object-
dropping failure in the “clean room” task) by
embodied agents. In this paper, we propose
FAER, a failure-aware benchmark aiming to
evaluate the performance of VLMs in terms of
failure detection, failure categorization, fail-
ure description, and failure correction in long-
horizon tasks. FAER comprises 3,323 episodes,
spanning 3 scenes, 65 tasks, and 83 objects. We
assess the performance of 16 widely utilized
VLMs and 4 LLMs for FAER tasks. Experi-
mental results show that nearly all VLMs, even
GPT-40, exhibit limited performance in failure
detection with a high false negative rate, mean-
ing that they tend to ignore abnormal events,
revealing notable gaps in current models’ ca-
pacity to effectively handle failures.

1 Introduction

Developing embodied agents capable of au-
tonomously executing high-level tasks in open, dy-
namic environments has long been a key goal in
artificial intelligence (Lei et al., 2025; Yang et al.,
2025; Durante et al., 2024). During execution in
actual scenarios, failures inevitably occur owing
to external environmental disturbances or intrinsic
limited execution capabilities (Guo et al., 2024; Li
et al., 2024a; Duan et al., 2025; Liu et al., 2023),
leading to the inability to proceed with subsequent
tasks. Therefore, detecting, understanding, and
correcting failures encountered during execution
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the cube edge.”
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Figure 1: Comparison of our proposed FAER bench-
mark with previous work. FAER targets failures in
long-horizon tasks and covers complex scenes. Besides,
FAER provides a series of tasks from failure detection
to failure correction, which can comprehensively as-
sess the failure-aware embedded reasoning capability of
VLMs.

have emerged as significant research topics (Duan
et al., 2025; Liu et al., 2023; Ding et al., 2023) for
embodied agents.

Recent visual language models (VLMs) (Wang
et al., 2024a; Bai et al., 2025; Wang et al., 2024b),
trained on vast internet-scale datasets, exhibit ex-
ceptional visual perception and reasoning abilities.
This allows them to leverage human knowledge
extracted from visual data (e.g., images, videos)
for embodied task execution. Given these capabili-
ties, VLMs are increasingly integrated as the core
component in embodied systems (Guo et al., 2024;
Li et al., 2025a; Driess et al., 2023) to process feed-
back and ground decisions.

Existing work (Duan et al., 2025; Lu et al.,
2025; Liu et al., 2023; Ding et al., 2023) has evalu-
ated failure-handling capabilities primarily in con-
strained, single-scenario settings (e.g., fixed table-
top environments), focusing on low-level manipu-
lation failures (e.g., 3cm grasp offsets). Their ex-
periments demonstrate that VLMs exhibit limited
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https://github.com/SH9959/FAER.git
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Failure Categorization
Q: What type of unexpected situation occurred?
A: [nothing/drop/find_failed/grab_failed]

# 3.3k Trajectories

# 12k Q&A pairs
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4 65 tasks & 83 objects

Q: What happen ges, ?
A: [walk fridge/grab_failed cereal/...]

Failure Correction
Q: What is the next action you should take?
A: [find cereal/grab cereal/walk fridge/...]

Figure 2: The FAER benchmark encompasses 4 distinct task types addressing 3 common failure events across 3
household scenes. It comprises 4 specific cases: object falling, failed searching, failed grasping, and random normal
samples (top left). Tasks follow a cascaded workflow: failure detection, categorization, description, and correction.
Critically, each step relies on ground-truth outputs from the preceding stage. Each comprehensively annotated
episode includes all 4 tasks and incorporates both first-person and third-person visual perspectives.

proficiency in detecting and reasoning about low-
level manipulation failures. However, these evalu-
ations neglect complex, high-level failures—such
as failing to locate objects—that arise during long-
horizon task execution in diverse, realistic scenes
(Comparison at Table 5). Consequently, it remains
an open question whether VLMs possess the nec-
essary capabilities for end-to-end perception, un-
derstanding, and reasoning about failures directly
Jfrom visual observations.

To address this question, this paper constructs
a challenging failure-aware benchmark and evalu-
ates widely utilized VLMs on four failure-related
tasks. Specifically, we propose FAER (Failure-
Aware Embodied Reasoning) benchmark (Figure
1). The FAER benchmark focuses on three typical
execution failures: object drop, find failure, and
grab failure.

It comprises: (1) 65 task types across 3 scenes,
totaling 3,323 episodes with detailed event anno-
tations; (2) Synchronized first-person and third-
person visual observations; (3) Four-tiered failure
analysis tasks with ground-truth textual labels: Fail-
ure Detection (identifying failure states), Failure
Categorization (classifying failure types), Failure
Description (describing observed scenarios), and
Failure Correction (generating recovery strategies).

Based on evaluations, we obtain some valuable
findings, such as: (1) Failure detection is a bottle-
neck, as most models show limited performance,
with extreme precision-recall imbalance, exhibit-

ing a strong bias to ignore such exception events.

(2) Accurate understanding of upstream tasks (de-

tection, categorization, and description) effectively

facilitates failure correction. (3) LLMs consistently

outperform VLMs by leveraging privileged envi-

ronmental information in text from simulators.
The main contributions are:

* We propose a failure data generation pipeline
FAER-VirtualHome which includes failure
event injection and realistic rendering of cus-
tomized failure for constructing scalable fail-
ure data.

e We construct a failure-aware evaluation
dataset (FAER) for VLMs in embodied long-
horizon tasks.

* We assess the performance of failure-
aware embodied reasoning of 12 prevailing
VLMs/LLMs (e.g., GPT-40, Gemini-2.5) on
FAER tasks.

2 Related Work

Evaluations for Failure Handling Existing
tasks are predominantly limited to low-level ma-
nipulation scenarios. AHA (Duan et al., 2025) and
RoboFAC (Lu et al., 2025) design tasks around
binary classification of robotic manipulation (e.g.,
“Did grasping succeed?”’) and simple comprehen-
sion queries, which are limited to desktop envi-
ronments, focusing on fine-grained actuation fail-
ures (e.g., imprecise grasping). RoboFail (from
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VirtualHome Original Scripts
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Instruction: Your task is put groceries in Fridge
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$
Step 2 Instruction: Your task is put groceries in Fridge text Your last action is ...
Render Action Scripts
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o k: cereal dropped; Action k+1: Grab cereal...
\I‘ actions Were any unexpected situations
Stochastic Failure Injection encountered?
L)
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\|‘ ﬂ failure correction

Recovery Generation o
L1
-l

FAER-Virtualhome states  Cereal is in agent’s right hand...

State 1: the agent is in kitchen... State k: cereal is on floor... ; State k+1:

Figure 3: Data generation workflow: (1) rule-based augmentation of VirtualHome scripts with 3 failure events (Drop,
Grab-Failure, Find-Failure) and recovery actions; (2) multimodal rendering via FAER-VirtualHome, generating
synchronized first/third-person videos, action sequences, and state snapshots; (3) creation of 12k Q&A pairs for
four failure-reasoning tasks, with a test set balanced across failure/normal cases and unseen scenes.

REFLECT (Liu et al., 2023)) evaluates failure de-
tection and explanation in controlled AI2ZTHOR
(Kolve et al., 2017) scenes and real-world table-
top settings, with tasks centered on single-object
interactions (e.g., object inaccessibility). RACER
(Dai et al., 2024) further emphasizes low-level skill
assessment, focusing on whether physical inter-
actions (e.g., picking, placing) are executed cor-
rectly. These tasks overlook the high-level reason-
ing capabilities required for complex, long-horizon
tasks across various scenarios. Unlike previous
work, this paper evaluates failure handling in long-
horizon tasks, which not only need to account for
changes in the scene but also require more complex
failure corrections.

Resources for Failure Handling Evaluation
AHA (Duan et al., 2025) introduces 7 manipulation-
related failure modes via keyframe modifica-
tion, object replacement, and reordering through
FailGen. Its dataset combines multi-view time-
series visual observations with queries to form 49k
failure-question pairs, focusing on manipulation
effects. However, its tasks are limited to binary
Q&A and simple explanations for manipulation
steps, lacking designs for failure correction to han-
dle open-world failures and remaining confined
to fixed operation scenarios. Similarly, RoboFAC
(Lu et al., 2025) constructs a large-scale dataset
with 78k QA pairs across 16 tasks to address fail-
ure analysis and correction, yet it primarily targets
specific robotic manipulation failures (e.g., motion
planning and execution control errors) rather than
high-level semantic deviations in open household
activities. The RoboFail dataset (Liu et al., 2023)

includes 100 simulated examples and 30 real-world
examples, consisting of visual observations, audio,
robot states, etc. Its limitations lie in the difficulty
of scaling due to manual collection and a similar
constraint by the assumption of static environments.
COWP (Ding et al., 2023), based on 12 categories
of food and beverage-related tasks from Activi-
tyPrograms (Puig et al., 2018), includes potential
situations proposed by humans that might hinder
task completion (e.g., “Glass is broken”, “Faucet
has no water”), thereby obtaining 1085 open-world
situations. Its limitation is that it does not consider
VLMs’ detection and understanding of these situa-
tions. Unlike prior work, our FAER dataset offers
a more fine-grained evaluation of failure-aware rea-
soning, spanning detection, categorization, descrip-
tion, and correction across diverse scenarios, with
both first- and third-person perspectives provided.

3 FAER Bench

3.1 Data Construction

We propose an automated data generation method
to construct a multimodal reasoning dataset (Figure
2) enriched with various failure events and their cor-
responding recovery actions. Specifically, our data
generation pipeline consists of two primary steps:
(1) automatic insertion of failure events and recov-
ery actions based on a rule-based augmentation
framework, and (2) generation of corresponding
multimodal data grounded in the augmented task
scripts (Figure 3).
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3.1.1 Augmentation of Failure Events and
Recovery Actions

We enhance the VirtualHome dataset by collecting
original task scripts and using an LLM to generate
additional ones for diversity. We then introduce
three failure events programmatically, inserting
them at semantically appropriate points with re-
covery actions: (1) Drop Event: Randomly inserts
a “drop” action between “grab” and “put” followed
by a recovery (regrab or walk + grab). (2) Find-
Failure Event: Inserts incorrect navigation before
object interaction, corrected by a “find” action. (3)
Grab-Failure Event: Marks a failed “grab” with
“grab_false” then retries before the “put”. A rule-
based engine automates this augmentation, ensur-
ing logical consistency and executable sequences.

3.1.2 Multimodal Data Generation

To generate multimodal data that reflects the
effects of failure events—including videos, ac-
tion sequences, and environment state informa-
tion—this paper develops an enhanced simu-
lation environment named FAER-VirtualHome.
Built upon the original VirtualHome platform,
FAER-VirtualHome extends its functionality to
overcome the limitation of not supporting failure
event simulation.

Compared with the original VirtualHome,
FAER-VirtualHome offers several key advantages:
(1) It supports the execution of three additional
failure event types: drop, find_failure, and
grab_failure, expanding the original action set. (2)
It enables visual rendering of these failure events,
thereby providing richer multimodal perceptual
data. (3) It explicitly records and displays envi-
ronment state changes before and after each failure
event (Table 1). (4) It allows failure events to be
triggered with configurable probabilities, simulat-
ing their random occurrence in realistic scenarios,
and enabling the evaluation of agents’ perceptual
robustness and dynamic replanning capabilities.

Using FAER-VirtualHome, we generate a series
of planning task instances involving both failure
events and corresponding recovery actions. Each
instance includes a natural language task instruc-
tion, a video trajectory with injected failure events,
and environment state snapshots recorded before
and after key action executions.

3.1.3 Evaluation Data Construction

Using multimodal data with detailed annotations,
we construct the evaluation set. The process can be

Failure type State transition

Drop (object, agent, in) — (object, floor, on)
Find failure current state — (random_room, agent, in)
Grab failure unaffected

Table 1: State transitions based on failure events.

divided into the following steps: (1) data quality
control; (2) construction of prompt templates; (3)
groundtruth generation; (4) data splitting.

Data quality control. To refine the dataset and re-
tain high-quality, commonsense observations, this
paper develops an interface tool (Figure 5) for man-
ual quality checks (Table 6). More details can be
found in the Appendix 6.

Construction of prompt templates. To standard-
ize input formats for the four reasoning tasks, we
design task-specific prompt templates. Each tem-
plate integrates the overall task instruction, histori-
cal action records, and current observational data
(images/videos), with output constraints tailored
to task requirements (e.g., binary “yes/no” for de-
tection, specific failure types for categorization).
Prompt examples are shown in the Appendix.

Groundtruth generation. Ground truth labels
were derived from augmented task scripts: failure
detection labels (“yes”/“no”) indicate the presence
of failure events; categorization labels (e.g., “drop”
map to predefined types); descriptions follow “verb
+ object” structures based on scripted actions; cor-
rections use recovery actions inserted in scripts.

Data splitting. To ensure more objective eval-
uation results, positive (i.e., samples containing
failures) and negative samples are balanced by in-
corporating an equal number of normal samples,
which are the prefix frames of the failure frames.
Additionally, we expand the dataset by including
identical segments with only perspective (e.g., first-
person vs. third-person) altered. These two strate-
gies increased the total number of events to 12k,
nearly 4 times the original size. Leveraging the
expanded dataset, we construct the test set by (1)
retaining all samples from the entirely unseen scene
to ensure coverage of unseen-scene generalizabil-
ity, and (2) randomly selecting a subset from other
scenes. This stratified partitioning strategy ensures
the test set evaluates both novel scenario robust-
ness (Scene 3) and cross-scene adaptability to pre-
viously observed contexts, yielding a final test set
of 3k samples.
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3.2 Failure-Aware Embodied Reasoning
Dataset

The FAER benchmark is designed to comprehen-
sively cover failure-aware embodied reasoning in
household scenarios, with its overall composition
visualized in Figure 2 and detailed statistics sum-
marized in Table 2. Specifically, the dataset spans
3 common household scenes and targets 3 typical
failure events, encompassing 4 primary task types
(failure detection, categorization, description, and
correction) and 4 specific case categories: object
dropping, failed finding, failed grasping, and ran-
dom normal samples (serving as negative controls).
For more detailed object categories, please refer to
the Appendix. The FAER dataset not only contains
3,323 trajectories with multi-view visual data and
detailed annotation files, but also includes about
12,000 Q&A pairs constructed based on these re-
sources, with a subset of about 3,000 randomly
selected as the FAER-test.

Dataset Features The FAER dataset is meticu-
lously constructed to enable a fine-grained evalu-
ation of embodied reasoning under failure condi-
tions. A key feature is the inclusion of synchro-
nized first-person and third-person visual perspec-
tives for each event, allowing for a comprehen-
sive assessment of a model’s perceptual abilities
from different viewpoints. Each episode within the
dataset is annotated to support the four-tiered task
hierarchy (Detection, Categorization, Description,
and Correction). Ground-truth labels are derived
directly from the augmented task scripts, provid-
ing clear and objective targets—from binary labels
(yes/no) for detection to structured verb + object
phrases for description and correction. To ensure
a robust and unbiased evaluation, the dataset is
carefully balanced with an equal number of nor-
mal (non-failure) and abnormal (failure) samples.
Furthermore, the test split is specifically designed
to measure generalization by including samples
from a completely unseen scene (Scene 3) along-
side data from previously seen environments. Table
2 details the dataset statistics, including a total of
3,323 trajectories, covering 65 tasks and involving
83 objects, along with counts of different failure

types.

3.3 Failure-Aware Embodied Reasoning Tasks

Formulation We formalize a framework for an
agent’s interaction with the environment. The agent
receives a sequence of multi-modal observations

Failure Num Scenel Scene2 Scene3 Task Object

Drop 1,176 732 255 189 57 77
Find failure 1,518 1,028 385 105 52 78
Grab failure 629 411 172 46 41 73
Total 3,323 2,171 812 340 65 83

Table 2: Dataset statistics.

O = (0,,04,,-..,04,), Where oy, denotes obser-
vation data (e.g., images, video, text) at timestep
t;. Specifically, in the image modality, we uni-
formly sample 4 images of the current event as
observations; in the video modality, observations
consist of a video segment capturing the current
state; in the text modality, observations are replaced
by text-described states. Additionally, the input
includes the task goal (7, action history H and op-
tional action domain A. Together with an auxiliary
text query @, our tasks are formulated as a four-
tuple (O, G, H, @, A). The output consists of short

phrase-based tokens (e.g., “yes”, “grab cup”).

Tasks FAER defines four complementary tasks:
Failure Detection, Failure Categorization, Failure
Description, and Failure Correction. Collectively,
these tasks are designed to comprehensively eval-
uate agents’ perceptual and reasoning capabilities
(Cheng et al., 2024; Jia et al., 2022).

Failure Detection evaluates state estimation and
failure recognition by mapping observations to a
binary decision, O; = {yes, no}, testing whether
the agent can identify abnormal execution states in
dynamic environments (O; — Sy).

Failure Categorization requires predicting the
failure type by abstracting perceptual evidence into
a discrete category, framed as inverse action mod-
eling over state transitions, {O;_1, O} — A;_1.

Failure Description further probes inverse ac-
tion modeling by requiring a structured, grounded
description of the failure event in the format “event
verb + object” (e.g., grab_fail apple, walk
fridge, find TV). This tests whether models can
compress visual and contextual cues into task-
relevant, semantically grounded event representa-
tions, reflecting context awareness and instruction
following (Zhang et al., 2025).

Failure Correction evaluates policy predic-
tion under failures by generating the next ac-
tion conditioned on recent interaction history,
{Otflw Ao, 041, A1, Ot} — Ay, with
outputs constrained to “verb + object” or verb-only
forms (e.g., “grab apple”, “find TV”, “standup”).
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Model Failure Detection Failure Categorization Failure Description Failure Correction Avg.
Acc. Pre. Rec. Fl |Acc. Pre. Rec. Fl |Acc. Pre. Rec. F1 | Acc. Pre. Rec. Fl Ace.
Image
InternVL3-2B-Instruct 50.01 0.00 0.00 0.00 |53.90100.00 7.78 14.44|24.41 30.00 38.40 33.68|37.70 36.27 32.52 34.29|41.51
InternVL3-8B-Instruct 50.24100.00 0.46 0.92 |54.10 55.48 41.40 47.42|35.05 58.32 59.57 58.94|55.03 55.31 52.19 53.70|48.61
InternVL3-38B-Instruct 51.51 77.08 4.26 8.07 |57.30 97.02 15.05 26.06(40.18 29.48 14.12 19.09|56.58 92.53 14.30 24.77(51.39
Qwen3-VL-8B-Instruct 57.73 77.01 22.02 34.25|56.09 92.03 13.32 23.27|26.20 18.66 14.18 16.11|50.59 54.54 6.92 12.28|47.65
Qwen2.5-VL-7B-Instruct 50.12100.00 0.23 0.46 |50.10100.00 0.17 0.34 [10.66 0.57 0.46 0.51 |50.41 51.03 19.89 28.62(40.32
Qwen2.5-VL-32B-Instruct 55.63 95.77 11.76 20.95|57.62 96.15 15.85 27.22(29.14 20.47 24.05 13.88|56.41 75.45 18.97 30.32(51.26
Qwen2.5-VL-72B-Instruct 62.29 72.56 39.50 51.15|66.70 80.69 43.88 56.85(36.20 37.44 41.17 39.21|62.81 66.54 51.49 58.06(57.00
Llava-v1.6-mistral-7B-hf 55.69 53.64 83.50 65.32|50.44 6829 1.61 3.15|1.87 134 132 1.33(30.52 7.64 3.51 4.81 [34.63
Llama-3.2-11B-Vision-Instruct| 51.28 50.68 93.31 65.68|34.30 23.56 14.01 17.57| 3.48 2.97 294 2.95|35.57 32.24 26.23 28.93|31.16
Gemini-2.5-flash 58.23 77.77 23.01 35.51|68.49 67.35 71.74 69.48(28.25 27.38 26.35 26.86|71.92 68.25 81.94 74.47|56.72
Gemini-2.5-flash-thinking 60.04 63.84 46.37 53.72|71.75 74.84 65.82 70.04(40.51 40.22 36.12 38.06|72.08 73.55 69.01 71.21(61.10
Gemini-2.5-pro 59.38 71.95 46.00 56.12|74.66 74.49 74.24 74.36|31.69 33.08 35.13 34.07|74.05 70.28 83.33 76.25|59.95
Gemini-3-flash-preview 70.94 72.57 67.30 69.84(81.38 75.96 91.80 83.13|43.99 37.86 27.43 31.81|69.30 59.67 82.95 69.41|66.40
GPT-40 70.62 70.08 71.90 70.98|74.71 74.49 74.97 74.73|60.46 58.32 72.93 64.81|77.47 74.24 84.14 78.88|70.81
Video
MiniCPM-V-4 49.89 0.00 0.00 0.00 [52.40 60.04 14.3 23.10| 4.46 246 236 241 (4159 7.8 1.55 2.59 |37.09
LLaVA-NeXT-Video-7B-hf  [37.67 20.92 8.88 12.47|43.15 30.42 10.66 15.79| 1.75 3.18 3.28 3.23 |19.77 14.96 1291 13.86|25.59
InternVL3-2B-Instruct 50.01 0.00 0.00 0.00 |51.80 98.43 3.63 7.00 [15.53 19.07 21.28 20.11|40.81 34.99 21.45 26.60(39.54
InternVL3-8B-Instruct 50.61 64.38 2.71 5.20 (49.63 46.28 4.67 8.48 |21.79 25.06 28.37 26.61|42.75 38.09 23.24 28.87|41.20
Text
Meta-Llama-3-8B-Instruct 60.79 56.46 94.23 70.61|44.59 45.45 54.26 49.47|22.91 29.44 38.81 33.48|44.42 46.12 66.55 54.48|43.18
Meta-Llama-3-70B-Instruct  {73.91 74.71 72.26 73.46|71.69 73.44 67.93 70.58|30.84 37.28 56.22 44.83|60.82 59.51 67.64 63.31|59.32
Qwen2.5-7B-Instruct 55.46 73.80 16.89 27.49|63.36 76.94 38.11 50.97(26.75 31.18 38.58 34.49|48.02 48.21 53.69 50.80(48.40
Qwen2.5-72B-Instruct 73.62 74.13 72.54 73.33|76.90 83.01 67.64 74.54|38.57 42.60 65.91 51.75(77.39 80.56 72.20 76.15|66.62

Avg.

|56.12 61.24 3532 36.16]59.32 73.59 36.95 40.36|27.94 26.65 29.50 27.19|53.46 52.17 38.48 43.76]49.07

Table 3: Quantitative evaluation of 14 models across image, video, and text modalities. The four tasks correspond
to Failure Detection, Failure Categorization (Type Judge), Failure Description (What Happened), and Failure
Correction (Next Action). Metrics include Accuracy (Acc.), Precision (Pre.), Recall (Rec.), and F1. Best results are

in bold, second best are underlined.

This task assesses closed-loop recovery by requir-
ing targeted corrective actions derived from contex-
tual semantics and state transitions.

4 Experimental Setup

We use FAER-test as test set, which includes four
designed tasks in egocentric and exocentric views
with negative and positive samples. We evaluate
models on the four tasks mentioned above in self-
cascade mode, where the previous responses from
the models are included in the input for the current
task.

4.1 Baselines

We evaluate a comprehensive set of models span-
ning image, video, and text modalities to system-
atically assess failure reasoning capabilities. For
the image modality, we include open-source mod-
els such as the Qwen2.5-VL series (7B, 32B, 72B)
(Bai et al., 2025), Qwen3-VL-8B-Instruct, the In-
ternVL3 series (2B, 8B, 38B) (Zhu et al., 2025),
Llava-v1.6-mistral-7B-hf (Liu et al., 2024), and

Llama-3.2-11B-Vision-Instruct. We also evaluate
proprietary models including the Gemini-2.5 fam-
ily (Flash, Pro, Flash-Thinking), Gemini-3-flash-
preview, and GPT-4o0. For the video modality,
we test MiniCPM-V-4, LLaVA-NeXT-Video-7B-
hf, and the InternVL3 series (2B, §B). Finally, for
the text modality (using ground-truth state de-
scriptions), we employ Qwen2.5-Instruct (7B, 72B)
(Team, 2024) and Meta-Llama-3-Instruct (8B, 70B)
(Al@Meta, 2024). This diverse selection allows
us to analyze the impacts of parameter scale, ac-
cessibility (open vs. closed), functional design
(reasoning vs. non-reasoning), and input modality
on performance.

4.2 Evaluation Metrics

We use accuracy—calculated via token-level com-
parison between model-generated phrases and
groundtruth—as the primary metric, with precision,
recall, and F1-score also reported.
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4.3 Prompts

To systematically evaluate the embodied reason-
ing capabilities of VLMs in handling failure events
during long-horizon task execution, we design a
series of prompts corresponding to four reasoning
tasks: failure detection (Figure 10), failure cate-
gorization (Figure 11), failure description (Figure
12), and failure correction (Figure 13). The images
used for reasoning consist of 4 frames uniformly
sampled from the latest short sub-segment of the
video, while the video input corresponds to the cur-
rent sub-segment of the full video, processed with
a maximum of 32 frames. More details are shown
in the Appendix 6.

5 Results and Analysis
5.1 Main Results and Findings

The main experimental results are shown in Table
3. We systematically evaluate four task categories:
failure detection, failure categorization, failure de-
scription, and failure correction. We report sta-
tistical performance metrics: accuracy, precision,
recall and F1. Overall, GPT-40 outperforms all
models across modalities, achieving the highest
accuracies in all four failure tasks, with Gemini-
2.5-flash-thinking ranking second. We have the
following key findings:

Most models exhibit a bias between precision
and recall. Most models show high precision but
very low recall, with the Qwen and Intern series be-
ing particularly notable. For example, in the failure
detection task, Qwen2.5-VL-7B-Instruct achieves
100% precision (note that if the model only an-
swers a few “yes” responses and hits the target,
its precision rate is 100%) but only 0.23% recall,
which demonstrates an optimism bias. The same
phenomenon is observed in the Intern series and
Gemini-2.5-flash, indicating that these models can-
not effectively identify positive samples. In con-
trast, Llama series models display sensitivity with
high recall but low precision, suggesting that they
tend to return positive predictions. In the failure
categorization task, nearly all models except the
GPT series also exhibit this pattern, indicating their
inability to properly classify positive samples. This
bias is somewhat mitigated in the failure descrip-
tion and failure correction tasks. This is because,
in the experimental setup, later tasks are provided
with more reasoning conditions, which improves
their performance.

Failure detection and failure description are

tougher. Almost all models, even GPT-40, exhibit
limited performance in both the failure detection
task and the failure description task. In terms of
the average performance across all models, the
scores for failure detection and failure description
are 56.12% and 27.94% respectively. In the fail-
ure detection task, models are required to detect
whether a failure has occurred. This places higher
demands on the models’ state estimation capabili-
ties, which involve understanding the current task
target and comparing it with the actual state. From
the experiments, most models lack such perceptual
ability, achieving an accuracy of approximately
50%. This indicates that the models’ responses
have polarity characteristics (it should be noted
that if all answers are consistent, the accuracy will
also reach 50%, because the number of negative
samples and positive samples in the test is almost
equal). In failure description task, models are ask
to output “verb (+ object)”, which imposes higher
demands on understanding visual detail and main
goal.

Accurate upstream reasoning facilitates down-
stream tasks. To investigate whether correct rea-
soning in upstream tasks genuinely benefits down-
stream performance, we introduced ground-truth
labels as clean prior information for downstream
tasks, replacing the model’s self-generated re-
sponses. The results, presented in Table 8§ of the Ap-
pendix, demonstrate a consistent improvement (ap-
proximately 15%) across downstream tasks. This
suggests that a model’s intrinsic understanding of
the failure directly influences the quality of its final
decision-making.

Textual models with textual states perform more
robustly than visual models. We observe that tex-
tual models from the same series (e.g., Qwen2.5)
achieve better average performance (+8.85%) than
visual models in almost all tasks. For tex-
tual model experiments, we replace visual im-
ages in prompts with state descriptions derived
from privileged information, testing Qwen2.5-
7B-Instruct, Meta-Llama-3-8B-Instruct and their
larger-parameter variants (Table 3). We find that
language models utilizing text-described states out-
perform those using raw visual information: for in-
stance, Qwen2.5-72B-Instruct has a higher average
accuracy (66.62%) than Qwen2.5-VL-72B-Instruct
(57.00%), with improvements across the first three
tasks. This may indicate that visual models suffer
from information distortion.

Additional findings are presented in the Ap-
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Model Failure Detection Failure Categorization Failure Description Failure Correction Avg.
Acc.

| Acc. Pre. Rec. Fl | Acc. Pre. Rec. Fl | Acc. Pre. Rec. F1 | Acc. Pre. Rec. FI1 | e

GPT-40 (4 images) 70.62 70.08 71.90 70.98 | 88.47 88.39 88.54 88.47 |82.92 7540 97.75 85.13|99.71 99.83 99.60 99.71 | 85.43
GPT-40 (2 images) 67.82 68.48 66.03 67.23|88.24 89.97 86.07 87.98|81.39 73.66 97.75 84.0199.94 99.94 99.94 99.94 | 84.34
GPT-40 (w/o images) |54.16 57.34 32.41 41.41|83.71 98.99 68.07 80.67 | 64.91 60.69 84.60 70.68|99.97 99.94 100.00 99.97 | 75.69
GPT-40 (w/ text states)| 72.18 66.59 88.98 76.17 | 87.78 92.52 82.20 87.06 | 71.72 65.81 90.36 76.16|99.88 99.76 100.00 99.88 | 82.89
GPT-4o0 (independent) | 69.45 70.04 68.80 69.41|70.24 65.94 8459 74.11[59.86 56.15 89.91 69.13[75.99 79.06 70.78 74.69 | 68.89

Table 4: Image and prompt mode ablation studies on GPT-40. Image ablation includes image count (4, 2), absence
of images (w/o images), and inclusion of text states (w/ text states). Prompt ablation includes the independent
prompt mode (independent). All experiments (except independent) use the groundtruth-cascade setting, where
ground truth from upstream tasks is provided as input to mitigate error propagation. We report Accuracy (Acc.),

Precision (Pre.), Recall (Rec.), and F1 score.

pendix 6.

5.2 Further Analysis of GPT-40

Since GPT-40 performs best across all tasks, we
use it as the upper bound for embodied agents’ fail-
ure handling. To mitigate the impact of cumulative
errors, we replaced the model-generated answers
from preceding tasks with the ground truth dur-
ing the inference of the current task. This setting,
which we term groundtruth-cascade, is applied in
the experiments shown in Tables 8, 10, 4, and 11.

Effects of Images To further investigate the ex-
tent of leveraging visual perception information,
we design ablation experiments for images and se-
lected the best-performing model for testing, as
shown in Table 4. The results show: (1) GPT-
40 with 4 images achieves the best overall perfor-
mance (highest AvgAcc of 85.43%); (2) the per-
formance drops significantly when images are ab-
sent (w/o images, lowest AvgAcc of 75.69%); (3)
incorporating text-described states improves per-
formance compared to the image-absent setting,
especially in failure detection, demonstrating the
utility of the text modality in complementing visual
inputs.

Effects of Prompts We also evaluate GPT-40 in
the independent prompt mode, which removes the
answers of previous tasks (e.g., remove “Based on
your prior analysis, ...” in Figure 7). This means
that in a single query, the model has no access to in-
formation from previous task stages and generates
responses solely based on the current image and
query. As shown in Table 4, there are significant
performance drops in downstream tasks and over-
all average performance (-16.54%). This indicates
that in failure-aware tasks, effective reasoning con-
ditions enable the model to achieve better perfor-
mance, rather than outputting answers based on a

single query. Specifically, this cascaded reasoning
paradigm facilitates performance gains in down-
stream tasks, where the magnitude of improvement
is positively correlated with the accuracy of the
provided auxiliary information.

Error Analysis By analyzing the statistical dis-
tribution of GPT-40 errors and error examples, we
reveal the potential challenges embodied agents
face in failure handling. Among the errors that oc-
curred, GPT-40’s errors are mainly concentrated in
failure detection with roughly equal “false_no” and
“false_yes” (Figure 24 in the Appendix). And in the
failure categorization task, GPT-40 often misclas-
sifies failures as “find_failed”, which might imply
that the concept of “find_failed” has a relatively
broad meaning (e.g., the model has insufficient
understanding of scene-object relevance in long-
horizon multi-room tasks). More error examples
and analysis can be found in the Appendix 6.

6 Conclusion

In this paper, we introduce the FAER-VirtualHome
pipeline for large-scale generation of failure-event-
rich embodied task data, constructed the first FAER
dataset focusing on high-level long-horizon task
failures. We comprehensively evaluated 12 main-
stream models to uncover their failure perception
and handling limitations. We conclude that current
VLMs have a limited ability to detect failures from
visual input during embodied tasks. The FAER
benchmark highlights this issue and offers an as-
sessment tool and research direction for improv-
ing VLM robustness and environmental perception.
Looking ahead, future work could include enhanc-
ing the interpretability of multi-modal decision-
making in VLMs to better understand how visual
and language cues are integrated for failure han-
dling.
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Limitations

FAER provides a structured benchmark for evaluat-
ing failure detection, failure categorization, failure
description, and failure correction in long-horizon
embodied tasks under multiple input modalities.
Nevertheless, several limitations point to promis-
ing directions for future research:

Model coverage While our evaluation includes
a broad range of current vision-language models
(VLMs) and large language models (LLMs), it
does not encompass every recently released model.
Given the rapid pace of model development, we
plan to regularly evaluate new models on FAER
and its future iterations.

Input modalities and temporal context We
evaluate three representative input settings: images,
videos, and text containing environmental state in-
formation, each augmented with the full history
of interaction actions. These settings enable con-
trolled comparisons between perception-driven and
state-based reasoning. However, they do not ex-
haust all possible information conditions relevant
to failure perception. In long-horizon embodied
tasks, failures may depend on fine-grained tempo-
ral cues and interaction history. Future work could
systematically vary the amount and placement of
temporal evidence and investigate more flexible
mechanisms for integrating historical context into
failure diagnosis.

Diversity and self-evolution The evaluation en-
vironments currently feature limited scene diver-
sity, and the analysis is currently restricted to com-
mon, fundamental failure types, leaving broader
and more complex failure modes yet to be explored.
Additionally, a noticeable sim-to-real gap persists
in terms of visual fidelity and physical dynamics.
Collecting comprehensive failure data directly from
real-world scenarios will be essential for improving
the practical deployment and generalization of em-
bodied agents. Moving forward, enabling agents
to learn from these failures to achieve continuous
self-evolution represents an exciting and promising
direction for future research.

Ethical Considerations

This research relies exclusively on publicly avail-
able datasets and open-source models (or publicly
accessible APIs). The prompt templates used are
also open and available. The visual data is syn-

thetically generated within a simulated household
setting. Consequently, our dataset does not contain
any Personally Identifiable Information (PII) or bio-
metric data of real human subjects and is intended
solely for academic research purposes.

A data quality verification process was imple-
mented to filter rendering artifacts. This process
was conducted entirely by the co-authors of this
paper, who are Master’s students in Computer Sci-
ence and Technology.
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Appendix

Societal Impact and Potential Risks

Our work aims to enhance the robustness of em-
bodied agents. While improving failure detection
contributes to safer autonomous systems, we ac-
knowledge several risks:

* Safety and Sim-to-Real Gap: Our evaluation
is conducted in a simulation. A "successful
correction" in FAER does not guarantee phys-
ical safety in the real world. Over-reliance on
VLM reasoning without physical constraints
could lead to real-world accidents if deployed
directly onto hardware.

e Model Biases: Since we evaluate off-the-shelf
VLMs trained on internet-scale data, the rea-
soning results may inherit societal biases.

Case Study

To illustrate how our failure augmentation and eval-
uation framework operates, we present a case study
(Figure 4) based on the task “put cereal in the
fridge.” The original task script is shown in the fig-
ure. The system inserts a failure event, “[DROP] ce-
real”, immediately after the action [GRAB] cereal.
After the agent completes [FIND] fridge, the recov-
ery sequence is generated, consisting of [FIND]
cereal and [GRAB] cereal. This is necessary be-
cause the agent has moved away from the drop
location during the search for the fridge and must
re-approach the cereal before it can be re-grasped.
The full augmented script with the injected failure

and corresponding recovery actions is shown in
the figure. We execute the updated script within
the FAER-VirtualHome environment and collect
multimodal data, including both first-person and
third-person view images, the frame indices corre-
sponding to the start and end of each action, and the
complete environment state before and after each
action (e.g., object positions, states). This data
provides rich perceptual and semantic context for
downstream tasks such as behavior understanding
and failure evaluation.

Data Quality Control

To mitigate potential rendering artifacts, such as
poor image quality or unnatural character deforma-
tion, we implemented a data verification process.
The verification was performed by two volunteer
annotators (graduate students) using a custom-built
interface (Figure 5). The primary objective was
to confirm that each image provides sufficient vi-
sual information to accurately reflect the specific
failure type. Based on the reliability criteria de-
tailed in Table 6, low-quality samples, particularly
those suffering from severe occlusion or inadequate
illumination, were filtered out.

Experiments

Input Configuration Our experiments were con-
ducted within the Swift framework. We evaluated
the existing models across three data modalities:
images, video, and text. For the image modal-
ity, each model was provided with four frames
uniformly sampled from the video segment cor-
responding to the anomaly event. For the video
modality, we used the video processing engine
from the Swift framework to handle the input, with
a maximum of 32 frames. For the text modal-
ity, we supplied extracted textual descriptions of
the environment states surrounding the anomaly
event—specifically, those occurring before and af-
ter the event—as input to the models.

Prompts Figures 10, 11, 12, and 13 show the
visual observations of the queries for failure detec-
tion, failure categorization, failure description, and
failure correction, respectively.

We utilized text states from simulator interfaces
(e.g., “character holds_rh remotecontrol” indicates
a right-hand grip), with visual observations in-
cluded for comparison. Figure 6, 11, 12, and 13
show the queries separately, with states in text for
failure detection, failure categorization, failure de-
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scription, and failure correction.

Results Table 8 presents an oracle experiment,
feeding ground-truth from previous tasks as in-
put to establish the models’ performance upper-
bound. Tables 10 and 11 respectively show the
performance of different models on normal and
abnormal samples, as well as a comparison of the
models’ capabilities in handling different types of
failure events.

Other models on failure We also evaluated other
models related to failure detection, such as Robo-
FAC (Lu et al., 2025). The experimental results for
RoboFAC are presented in Table 7, showing mostly
zero performance. On our benchmark, RoboFAC
consistently outputs the same repetitive content,
resulting in poor performance in the evaluation.

Fine-tuning Results on Qwen2.5-VL To fur-
ther evaluate the potential of our dataset for model
training and task-specific adaptation, we conducted
fine-tuning experiments using the Qwen2.5-VL-
7B-Instruct model with LoRA. The model was fine-
tuned for one epoch on a randomly selected subset
of 10,000 samples, which accounts for approxi-
mately 15% of the full training set. The evaluation
protocol remained consistent with our zero-shot
baseline methodology. As demonstrated in Table
9, the fine-tuned model exhibits significant perfor-
mance improvements across the tasks. Notably,
the average accuracy increased from 40.32% to
59.23%, validating that even fine-tuning on a small
subset of our dataset can effectively enhance the
model’s capability in failure reasoning.

Tasks and Objects
All tasks and objects are listed in Table 12 and 13.

Results

We also analyze model architecture and scale im-
pact on failure-aware reasoning (Table 3).

Reasoning-enhanced models consistently out-
perform their standard counterparts. Gemini-2.5-
flash-thinking achieves an average accuracy of
61.10%, surpassing the standard Gemini-2.5-flash
(56.72%) by a significant margin. This suggests
that models optimized for chain-of-thought (CoT)
reasoning are better equipped to handle the multi-
step logic required for failure categorization and
correction, effectively bridging the gap between
perception and actionable planning.

Larger models demonstrate superior perfor-
mance. Across both visual and textual modal-
ities, increasing parameter size yields consis-
tent gains. For instance, in the text modal-
ity, Qwen2.5-72B-Instruct (66.62%) outperforms
its 7B variant (48.40%), and Meta-Llama-3-70B-
Instruct (59.32%) significantly exceeds the 8B
model (43.18%). This trend indicates that the
emergent capabilities associated with larger pa-
rameters—such as robust world knowledge and in-
struction following—are essential for interpreting
complex failure scenarios and generating precise
corrective actions.

Error Analysis
Error Distribution

Error analysis for more models is provided in Fig-
ure 15-30. We defined the error types as follows:

¢ Failure Detection:

— false_no: The model incorrectly pre-
dicts “no” (indicating no failure) when a
failure actually exists.

— false_yes: The model incorrectly pre-
dicts “yes”(indicating a failure) when no
failure actually exists.

— parsing_error: The model’s predic-
tion is neither “yes” nor “no”, leading
to a format parsing exception.

* Failure Categorization:

— false_nothing: The model incorrectly
predicts “nothing” (no specific failure
type) when a failure actually exists.

— false_grab_failed: The model mis-
classifies the failure as "grab_failed"
when it belongs to another category.

— false_find_failed: The model mis-
classifies the failure as "find_failed"
when it belongs to another category.

— false_drop: The model misclassifies
the failure as “drop” when it belongs to
another category.

— parsing_error: The model’s predic-
tion is neither “yes” nor “no”, leading
to a format parsing exception.

* Failure Description & Correction:

— wrong_only_action: The predicted ac-
tion is incorrect, while the object predic-
tion is correct.
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— wrong_only_object: The predicted ob-
ject is incorrect, while the action predic-
tion is correct.

— wrong_action_object: Both the pre-
dicted action and object are incorrect.

— hallucination_error: The predicted
action is either outside the predefined
action_domain or represents a fictional
or unexpected behavior.

— parsing_error: The model’s predic-
tion is neither “yes” nor “no”, leading
to a format parsing exception.

Error Examples

There are several error cases of GPT-40 in our
benchmark, illustrating key limitations in its visual
and temporal reasoning capabilities.

Figure 31 shows an error of GPT-40 related to
limitations in fine-grained object recognition. In
this example, the model fails to correctly identify
the bread slice.

Figure 32 shows an error of GPT-40 related to
difficulties in distinguishing visually similar ob-
jects. Although the agent successfully grabbed the
“remotecontrol”, the model fails to correctly iden-
tify it, likely due to confusion with visually similar
objects such as a mobile phone, and outputs an
incorrect “yes”.

Figure 33 shows an error of GPT-40 related
to deficiencies in understanding scene-object rel-
evance. In this case, the character needs to find
the mouse but moves to the living room, a location
that is semantically unlikely to contain the target.
The model fails to leverage spatial understanding
and commonsense reasoning, and still outputs “no”
when the target object is not visible in the third-
person image.

Figure 34 shows an error of GPT-40 related to
constraints in temporal perception and memory.
Although the “remotecontrol” appears in an earlier
input image, the model fails to retain and utilize
this information, and incorrectly determines that a
“find_failed” occurred.
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Walk kitchen 1-3

Walk cereal 4-7
Grab cereal 8-9
Drop 10
Find fridge 11-14
Find cereal 15-17
Grab cereal 18-20
Find fridge 21-23
Open fridge 24
Put in cereal fridge 25
Close fridge 26-28
Label Video

nid Person Video

ideol label video2 label video3 label videod label videos label

Figure 5: UI of the labeling Process. We designed a UI for manual labeling of data quality, categorizing the quality
levels into three grades: 0, 1, and 2. Grade O indicates poor quality, grade 1 indicates average quality, and grade 2
indicates good quality.

Failure (

Prompt Template

You are an intelligent household robot agent, and you are
completing the overall task: {instruction}.

The actions you have just completed is: {action_history}...

Note that the last excuted action is maybe not successfully
completed.

Based on your prior analysis, {failure_detection_answer}...
Above all, what type of unexpected situation occurred in the {pov}
images/video?

If the object in hand is accidentally dropped, please output 'drop'; If
the target object is not found or the wrong position is walked to,
please output 'find_failed’;

If the object is not successfully picked up, please output
'grab_failed’;

If nothing abnormal event happened, please output 'nothing’...
Now please output your answer firstly.

You are an intelligent household robot agent. You are completing
the overall task: {instruction}.

The actions you have just executed is: {action_historyj...

Note that the last excuted action is maybe not successfully
completed. The {pov} images/video are what you are currently
observing.

Above all, please analyze whether any unexpected situations were
encountered during the execution of the overall task, based on the
current observational analysis.

If unexpected situations were encountered, please answer "yes"; if
not, please answer "no".

Please strictly answer only with "yes" or "no". Do not include any
additional text, symbols, or explanations. Ensure your response is
limited to these two options. Now please output your answer firstly.

Figure 6: The prompt template for failure detection in

text modality. Figure 7: The prompt template for failure categorization

in text modality.
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Benchmark Failure Detect Failure Correct Level Perspective Multi-room  Size
from Vision

EgoThink (Cheng et al., 2024) X Plan 1%t v 700
ALFRED (Shridhar et al., 2020) X X Plan 1%t v 25k
EAI (Li et al., 2024b) X X Plan 1% v 438
EgoTaskQA (Jia et al., 2022) X X Plan 15 v 40k
BEHAVIOR-1K (Li et al., 2023) X X Plan 15t v 1k

COWP (Ding et al., 2023) X v Plan 1%t v 1085
EMMOE (Li et al., 2025b) X v Plan 1%t v 966
AHA (Duan et al., 2025) v X Mani. 3rd X 45k
RoboFail (Liu et al., 2023) v v Mani. 3rd X 430
RoboFAC (Lu et al., 2025) v v Mani. 3rd X 78k
FAER (Ours) v v Plan 1" & 3™ v 12k

Table 5: Comparison of considerations between existing benchmarks/datasets and our work. Mani’ indicates
’Manipulation’. "Multi-room’ indicates whether the benchmark includes scenarios spanning multiple rooms.

Failure Type

Score 0

Score 1

Score 2

Drop

The object is too dark. The object
is too small. The object is too thin.
The object is mostly obscured by
the character’s body. The scene is
too dark. The character is mostly
obscured.

The object’s drop can be basically
seen but is hard to distinguish.
The object’s drop is partially ob-
scured by the character’s body.

The process of the object drop-
ping and the item can be basically
seen. The item is minimally ob-
scured.

Find failure

The character barely moves. The
character is mostly obscured. The
scene is too dark. The camera is
obscured for many frames. The
camera angle rotates too much.

The camera is obscured for fewer
frames. The character walks to
the same room and is very close.

The character walks into another
room. The character walks to the
same room but is farther away.
The obstruction is minimal.

Grab failure

The hand’s state and the object’s
original position cannot be seen
clearly after grabbing. The body
is distorted. The body goes
through walls. Using the hand
that has already grabbed some-
thing to grab another thing. In-
consistency between third-person
and first-person perspectives.

Only in the third-person perspec-
tive can the grabbing action be
seen, but the hand is empty, this
detail is too small, so it’s not given
a 2 (but for some difficulty, a few
will be intentionally given a 2).

If either perspective can see all
the information, it is labeled as
2. In the third-person perspective,
the object is seen not moving and
the hand is empty. In the first-
person perspective, the object is
seen not moving, and the hand is
seen reaching out (the hand itself
is enough), the third-person char-
acter is normal

Table 6: Items for Annotation. The leftmost column represents the type of Failure, and the top row represents the
scores. These criteria are applied during the manual verification of data reliability, and only samples with a final
score of 2 are retained.

Model Failure Detection Failure Categorization Failure Description Failure Correction Avg.
Acc.

| Acc. Pre. Rec. Fl | Acc. Pre. Rec. Fl | Acc. Pre. Rec. Fl | Acc. Pre. Rec. Fl | CC
RoboFAC\ 50.01 0.00 0.00 0.00 \O0.00 0.00 0.00 0.00 \ 0.00 0.00 0.00 0.00 \ 025 0.00 0.00 0.00 \ -

Table 7: Quantitative evaluation of RoboFAC across four tasks: Failure Detection, Failure Categorization (Type
Judge), Failure Description (What Happened), and Failure Correction (Next Action). Metrics include Accuracy
(Acc.), Precision (Pre.), Recall (Rec.), and F1.
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Failure Detection Failure Categorization Failure Description Failure Correction Avg.

Model Acc.

| Acc. Pre. Rec. F1 |Acc. Pre. Rec. F1 |Acc. Pre. Rec. Fl1 | Acc. Pre. Rec. Fl |

Image

Qwen2.5-VL-7B-Instruct | 50.13 100.00 0.23 0.46 |51.37 100.00 2.71 5.28 |42.87 45.07 65.40 53.36|75.30 83.70 62.80 71.76|54.92
InternVL3-8B-Instruct ~ {49.11 100.00 0.18 0.35 [69.62 92.71 45.44 60.99|35.14 39.39 55.25 45.99|60.91 63.37 51.67 56.92|56.87
Llava-v1.6-mistral-7B 55.69 53.65 83.51 65.33|55.47 23.87 11.48 15.50(20.15 20.16 23.88 21.86|55.03 70.52 17.24 27.71|45.28
Llama-3.2-11B-Vision  [51.43 50.78 92.27 65.51|52.13 93.28 25.61 40.19|36.54 36.69 52.13 43.07|40.30 38.94 34.20 36.42|46.18

Gemini-2.5-flash 50.07 56.52 0.75 1.48 |76.22 100.00 52.40 68.77 |63.93 58.78 93.25 72.11|94.49 91.27 98.38 94.69 [71.18
Gemini-2.5-flash-thinking| 55.57 56.95 45.31 50.47|70.73 96.55 43.50 59.98|64.77 64.77 91.17 75.74|97.29 96.54 98.10 97.31|73.58
GPT-40-mini 51.52 82.05 3.70 7.08 |73.27 72.07 75.94 73.95|58.06 95.10 72.10 82.02|71.14 96.66 81.96 88.71|66.69
GPT-40 70.62 70.08 71.90 70.98|88.47 88.39 88.54 88.46(82.92 75.40 97.75 85.13|99.71 99.83 99.60 99.71 | 85.43
Video

Qwen2.5-VL-7B-Instruct |49.24 33.33 0.12 0.24 |53.27 98.57 7.96 14.73|42.98 45.45 62.17 52.51|81.81 94.41 68.17 79.17 | 54.92

InternVL3-8B-Instruct  |51.05 82.14 2.65 5.13 |70.94 92.71 45.44 60.99|35.14 39.39 55.25 45.99|60.91 63.37 51.67 56.92|54.51

Text

Qwen2.5-7B-Instruct 55.87 75.83 17.19 28.02|81.35 88.69 71.91 79.42|49.52 49.52 82.99 62.03|71.35 92.96 76.43 83.89|66.26
Llama-3-8B-Instruct 61.52 56.92 94.64 71.08|78.73 98.92 58.07 73.18 |47.45 48.31 73.47 58.29|82.68 80.91 85.52 83.15(67.59
Qwen2.5-72B-Instruct  [73.62 74.71 71.40 73.02|88.33 98.10 76.87 86.20|52.54 52.54 96.71 68.09|97.25 96.44 99.88 98.13|78.68
Llama-3-70B-Instruct 73.97 74.34 73.18 73.76|93.53 97.75 90.25 93.85|50.55 50.54 96.48 66.33|89.47 82.32 98.56 89.71|76.70
Avg. [57.10 69.09 39.79 50.49|71.67 88.69 49.72 63.71[48.75 51.51 72.71 60.30(76.97 82.23 73.16 77.43]63.62

Table 8: Quantitative evaluation of 12 models across image, video, and text modalities on four failure-related tasks.
All experiments are conducted under the groundtruth-cascade setting, where ground truth from upstream tasks is
used as input for the current task to isolate reasoning capabilities. We report Accuracy (Acc.), Precision (Pre.),
Recall (Rec.), and F1 score. Best results are in bold, and second best are underlined within each modality.

Model Failure Detection Failure Categorization Failure Description Failure Correction Avg.
Acc.

| Acc. Pre. Rec. FI |Acc. Pre. Rec. FI |Acc. Pre. Rec. Fl |Acc. Pre. Rec. Fl | c

Qwen2.5-VL-7B-Instruct 50.12100.00 0.23 0.46 |50.10 100.00 0.17 0.34 [10.66 0.57 0.46 0.51 |50.41 51.03 19.89 28.62|40.32

Qwen2.5-VL-7B-Instruct (LoRA)|74.05 79.07 65.39 71.59|73.10 80.59 60.84 69.33|39.75 1.09 0.23 0.38 |50.01 50.00 0.28 0.57 |59.23

Table 9: Quantitative evaluation of zero-shot versus LoRA fine-tuning for Qwen2.5-VL-7B-Instruct on a 10,000-
sample subset.

Model Failure Detection Failure Categorization Failure Description Failure Correction

normal  abnormal  normal abnormal normal abnormal normal abnormal
Qwen2.5-VL-7B-Instruct 100.00 0.23 100.00 2.71 20.34 65.39 87.78 62.80
InternVL3-8B-Instruct 100.00 0.18 95.91 45.30 13.25 66.72 73.76 64.70
Llava-v1.6-mistral-7B-hf 27.89 83.50 100.00 11.47 5.47 23.87 92.79 17.24
Image Llama-3.2-11B-Vision-Instruct 10.60 92.27 98.15 25.60 10.08 52.13 46.39 34.19
& Gemini-2.5-flash 99.42 0.75 100.00 52.39 34.60 93.25 90.59 98.38
Gemini-2.5-flash-thinking 65.80 45.31 97.80 43.50 50.46 91.16 96.48 98.09
GPT-40-mini 99.19 3.69 70.60 75.93 31.35 95.09 60.80 96.65
GPT-40 69.33 71.89 88.40 88.54 68.10 97.75 99.82 99.59
Video Qwen2.5-VL-7B-Instruct 99.76 0.11 99.88 7.95 23.25 65.16 70.14 51.67
InternVL3-8B-Instruct 99.42 2.65 96.42 45.44 15.04 55.24 95.84 68.14
Qwen2.5-7B-Instruct 94.52 17.18 90.77 71.91 15.44 82.98 49.74 92.96
Text Meta-Llama-3-8B-Instruct 28.41 94.63 99.36 58.07 21.44 73.47 79.82 85.52
Qwen2.5-72B-Instruct 75.85 71.39 99.76 76.87 12.68 96.71 96.31 99.88
Meta-Llama-3-70B-Instruct 74.75 73.18 95.90 90.25 5.64 96.48 78.84 98.55

Table 10: Evaluation results categorized by sample type (normal vs. abnormal). The table presents accuracy
scores of 14 models across image, video, and text modalities—including open-source VLMs (e.g., Qwen2.5-VL,
InternVL3) and closed-source models (e.g., Gemini-2.5, GPT-40)—on four failure tasks. Notably, most models
exhibit significant performance imbalance between sample types: many achieve high accuracy on normal samples
but struggle with abnormal ones (e.g., Gemini-2.5-flash, Qwen2.5-VL-7B-Instruct and InternVL3-8B-Instruct).
In contrast, GPT-40 shows the most balanced performance, with strong accuracy on both normal and abnormal
samples across all tasks.
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Failure Detection

Failure Categorization

Failure Description

Failure Correction

Model
Drop FF GF Drop FF GF Drop FF GF Drop FF GF
Qwen2.5-VL-7B-Instruct 51.07 50.69 4859 51.34 53.17 4859 4099 40.84 4728 70.83 73.83 80.65
InternVL3-8B-Instruct 50.87 49.52 46.94 4849 7748 7390 41.66 38.61 4093 8248 5596 80.45
Llava-v1.6-mistral-7B-hf 53.09 56.13 56.82 50.53 6271 4859 1841 11.72 16.63 64.11 54.13 50.09
Image Llam‘a».3.2—1 IB-Vision-Instruct  49.73  50.27 54.39 89.38 5746 49.62 34.67 31.11 2859 59.13 31.17 41.30
Gemini-2.5-flash 5040 5094 4849 70.69 7341 8130 5537 77.54 71.12 8829 98.24 9298
Gemini-2.5-flash-thinking 5773 58.82 49.01 6344 67.69 8028 5336 68.64 6398 93.14 9873 97.94
GPT-40-mini 57.81 50.51 48.69 6379 81.69 66.82 5793 7039 5579 100 99.69 99.53
GPT-40 74.05 7551 60.65 84.81 94.79 8125 70.02 8749 84.84 100 99.69 99.53
Video Qwen?2.5-VL-7B-Instruct 49.17 49.84 4835 49.17 5825 4845 1602 44.19 5941 80.52 79.25 86.59
InternVL3-8B-Instruct 52.15 50.81 50.65 54.03 7873 70.65 32.66 3196 41.77 80.10 46.64 69.62
Qwen2.5-7B-Instruct 51.88 6253 4831 56.72 9250 81.21 46.63 59.87 3448 65.18 7897 63.83
Text Meta-Llama-3-8B-Instruct 66.80 66.16 50.65 56.04 77.03 97.10 53.09 4652 4495 82.66 78.61 88.97
Qwen2.5-72B-Instruct 7231 9033 48.69 7553 99.63 79.71 5524 5492 5392 96.63 98.79 98.03
Meta-Llama-3-70B-Instruct 84.27 8797 45.14 77.68 9794 96.26 5551 48.64 51.68 87.63 90.21 87.10
Avg. 58.67 60.72 50.38 63.69 76.61 71.70 4511 50.89 49.67 82.19 7742 81.19

Table 11: Quantitative evaluation of 14 models across image, video, and text modalities, including open-source
VLMs (e.g., Qwen2.5-VL, InternVL3, Llama-3.2-Vision) and closed-source models (Gemini-2.5, GPT-40). In the
Failure Detection task, models exhibit relatively weaker perception capabilities for Drop and GF events. However,
in reasoning tasks such as Failure Categorization, Failure Description, and Failure Correction, the opposite trend is

often seen, where models tend to perform better in handling Drop and GF events.

Tasks

Cook dinner and set the table
Prepare a fruit salad
Watch TV

Wash dishes and clean the kitchen

Make toast and have breakfast
Bake a cake
Set up table

Put groceries in the fridge and make dinner

Put groceries in Fridge
Prepare coffee and watch TV
Set up a home office

Read book

Fix a meal and watch a movie
Work

Wash dishes with dishwasher
Make a cup of tea

Clean the living room

Make toast and eat breakfast

Turn on TV

Bake cupcakes and decorate them

Have breakfast and read news

Take medicine with water

Clean the entire house

Drink

Write an email

Bake a pie

Make coffee and read a book
Watch a movie and eat food
Cook some food

Prepare breakfast

Make coffee and read the newspaper
Water the orchid and open the curtains

Prepare a meal and set the table
Watch TV and relax on the sofa

Organize the bookshelf

Browse the internet and watch TV

Bake a cake and serve it
Relax on sofa

Put groceries in the fridge

Wash teeth

Have breakfast

Clean the dishes after dinner

Work on the computer and drink coffee
Browse the internet

Bake bread and make toast

Have a picnic in the living room
Prepare to wash teeth

Charge the cellphone and send a message
Organize clothes in the closet

Turn off all lights before bed

Organize the kitchen cabinets

Switch off the lights

Listen to music while working

Work on the computer

Listen to music while cooking Light candles Prepare to paint a picture at the desk
Change TV channel Have a movie marathon with snacks  Teach a language lesson online
Browse internet Prepare coffee and watch tv Set up a movie night with friends
Pick up phone Read a book

Table 12: All tasks involved.

Objects

plate dishbowl sink faucet nightstand orchid
kitchentable sofa mouse chips tvstand crackers
stove computer keyboard coffeetable chocolatesyrup stall
cutleryfork salmon dishwasher peach cookingpot cabinet
tv kitchencabinet washingsponge poundcake banana bathroom
bellpepper book desk fryingpan juice tablelamp
microwave waterglass radio cellphone cupcake floor
kitchen fridge candle kitchencounterdrawer oventray clothespile
remotecontrol chair wineglass plum bed powersocket
cutleryknife apple pillow bookshelf lightswitch mincedmeat
toaster livingroom whippedcream bench lime milk
breadslice bananas paper bedroom candybar hanger
mug pie chicken dishwashingliquid toothbrush rug
coffeemaker kitchencounter cereal cutlets painkillers

Table 13: All objects involved.
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Failure Description Prompt Template

You are an intelligent household robot agent, and you are
completing the overall task: {instruction}.
The actions you have just completed is: {action history}...
Note that the last excuted action is maybe not successfully
completed.
Based on your prior analysis, {failure detection _answer}..., and
{failure_categorization_answer}...
The {pov} images/video are what you are currently observing.
Above all, what happened in the images while you was performing
your overall task?
{action _domain prompt}...
{additional few_shots_prompt}...
Now please output your answer firstly.

\ J

Figure 8: The prompt template for failure description in
text modality.

Failure Correction Prompt Template

You are an intelligent household robot agent responsible for
performing a series of tasks to complete household chores. You are
completing the overall task: {instruction} Your decisions are based
on previously executed actions, the current environmental
images/video ({pov} perspective), and recommendations provided
by a planner.
The actions you have just completed is: {action_history}...
Note that the last excuted action is maybe not successfully
completed.
Based on your prior analysis, , {failure detection answer}..., and
{failure_categorization_answer} ..., and
{failure_description_answer}...
Above all, make your action selection.
If the previous action executed successfully, adopt the planner's
recommended next action and output: {next action}. Otherwise, if
the previous action failed, perform appropriate corrective actions
based on the type of issue:
1. Dropped item: execute an action to pick up the item again, for
example, output "grab salmon".
2. Grasping failure: attempt to grasp the item again, for example,
output "grab salmon".
3. Target item not found: execute an action to search for the item
again, for example, output "find tv*...
Now please output your answer firstly.

\ J

Figure 9: The prompt template for failure correction in
text modality.

Failure Detection Prompt Template

You are an intelligent household robot agent. You are completing

the overall task: {instruction}.

The actions you have just executed is: {action historyj...

Note that the last excuted action is maybe not successfully

completed. The {pov} images/video are what you are currently

observing.

Above all, please analyze whether any unexpected situations were

encountered during the execution of the overall task, based on the

current observational analysis.

If unexpected situations were encountered, please answer "yes"; if

not, please answer "no".

Please strictly answer only with "yes" or "no". Do not include any

additional text, symbols, or explanations. Ensure your response is

limited to these two options. Now please output your answer firstly.
J

.

Figure 10: The prompt template for failure detection in
visual modality.

Failure Categorization Prompt Template

You are an intelligent household robot agent, and you are
completing the overall task: {instruction}.

The actions you have just completed is: {action_history}...

Note that the last excuted action is maybe not successfully
completed.

Based on your prior analysis, {failure detection answer; ...
Above all, what type of unexpected situation occurred in the {pov}
images/video?

If the object in hand is accidentally dropped, please output 'drop'; If
the target object is not found or the wrong position is walked to,
please output 'find_failed’;

If the object is not successfully picked up, please output
'grab_failed’;

If nothing abnormal event happened, please output 'nothing’...
Now please output your answer firstly.

Figure 11: The prompt template for failure categoriza-
tion in visual modality.

Failure Description Prompt Template

You are an intelligent household robot agent, and you are
completing the overall task: {instruction}.
The actions you have just completed is: {action history}...
Note that the last excuted action is maybe not successfully
completed.
Based on your prior analysis, {failure detection answer}..., and
{failure_categorization_answer}...
The {pov} images/video are what you are currently observing.
Above all, what happened in the images while you was performing
your overall task?
{action_domain_prompt}...
{additional few shots prompt}...
Now please output your answer firstly.

. /

Figure 12: The prompt template for failure description
in visual modality.

Failure Correction Prompt Template

You are an intelligent household robot agent responsible for
performing a series of tasks to complete household chores. You are
completing the overall task: {instruction} Your decisions are based
on previously executed actions, the current environmental
images/video ({pov} perspective), and recommendations provided
by a planner.
The actions you have just completed is: {action history}...
Note that the last excuted action is maybe not successfully
completed.
Based on your prior analysis, , {failure detection answer}..., and
{failure_categorization_answer}-..., and
{failure_description_answer}...
Above all, make your action selection.
If the previous action executed successfully, adopt the planner's
recommended next action and output: {next_action}. Otherwise, if
the previous action failed, perform appropriate corrective actions
based on the type of issue:
1. Dropped item: execute an action to pick up the item again, for
example, output "grab salmon".
2. Grasping failure: attempt to grasp the item again, for example,
output "grab salmon".
3. Target item not found: execute an action to search for the item
again, for example, output "find tv*...
Now please output your answer firstly.

. J

Figure 13: The prompt template for failure correction
in visual modality.
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Error Types
false_no (455, 22.5%)

false_yes (486, 24.1%)
parsing_error (78, 3.9%)
false_nothing (37, 1.8%)
false_grab_failed (78, 3.9%)
false_find_failed (169, 8.4%)
false_drop (115, 5.7%)
wrong_only_action (259, 12.8%)
wrong_only_object (153, 7.6%)
wrong_action_object (179, 8.9%)
hallucination_error (1, 0.0%)
wrong_only_object (1, 0.0%)
wrong_action_object (1, 0.0%)
hallucination_error (8, 0.4%)

Figure 14: The error distribution of GPT-40.

Error Types
false_no (465, 14.4%)

false_yes (438, 13.5%)
false_nothing (11, 0.3%)
false_grab_failed (210, 6.5%)
false_find_failed (19, 0.6%)
wrong_only_action (21, 0.6%)
wrong_only_object (73, 2.3%)
wrong_action_object (27, 0.8%)
hallucination_error (1577, 48.8%)
wrong_only_action (65, 2.0%)
wrong_only_object (161, 5.0%)
wrong_action_object (139, 4.3%)
hallucination_error (27, 0.8%)

Figure 15: The error distribution of Meta-Llama-3-70B-

Instruct.

|
e
Description

Error Types
false_no (93, 2.1%)

false_yes (1242, 27.6%)
false_nothing (24, 0.5%)
false_grab_failed (711, 15.8%)
false_drop (3, 0.1%)
hallucination_error (1823, 40.5%)
wrong_only_action (238, 5.3%)
wrong_only_object (107, 2.4%)
wrong_action_object (119, 2.6%)
hallucination_error (137, 3.0%)

Figure 16: The error distribution of Meta-Llama-3-8B-

Instruct.

4~

Figure 17:
Instruct.

Figure 18: The error distribution
Instruct.

of

Error Types
false_no (496, 16.8%)
false_yes (419, 14.2%)
false_nothing (254, 8.6%)
false_grab_failed (150, 5.1%)
false_find_failed (1, 0.0%)
wrong_only_action (272, 9.2%)
wrong_only_object (353, 11.9%)
wrong_action_object (947, 32.0%)
wrong_only_action (13, 0.4%)
wrong_only_object (13, 0.4%)
wrong_action_object (39, 1.3%)
hallucination_error (1, 0.0%)

The error distribution of Qwen-2.5-72B-

Error Types
false_no (1436, 29.1%)
false_yes (95, 1.9%)
false_nothing (158, 3.2%)
false_grab_failed (363, 7.4%)
false_find_failed (101, 2.0%)
false_drop (25, 0.5%)
wrong_only_action (348, 7.1%)
wrong_only_object (519, 10.5%)
wrong_action_object (846, 17.1%)
hallucination_error (49, 1.0%)
wrong_only_action (241, 4.9%)
wrong_only_object (102, 2.1%)
wrong_action_object (587, 11.9%)
hallucination_error (64, 1.3%)

Qwen-2.5-7B-

Error Types

false_no (1732, 29.3%)
false_yes (4, 0.1%)
false_nothing (1595, 27.0%)
false_grab_failed (1, 0.0%)
false_find_failed (2, 0.0%)
wrong_only_action (647, 11.0%)
wrong_only_object (338, 5.7%)
wrong_action_object (704, 11.9%)
hallucination_error (261, 4.4%)
wrong_only_action (55, 0.9%)
wrong_only_object (363, 6.1%)
wrong_action_object (71, 1.2%)
hallucination_error (133, 2.3%)

Figure 19: The error distribution of Qwen-2.5-VL-7B-

Instruct.
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N
Correction

Error Types
false_no (134, 1.8%)
false_yes (1453, 19.5%)
parsing_error (98, 1.3%)
false_nothing (321, 4.3%)
false_grab_failed (122, 1.6%)
false_find_failed (21, 0.3%)
false_drop (854, 11.4%)
parsing_error (4, 0.1%)
wrong_only_action (117, 1.6%)
wrong_only_object (218, 2.9%)
wrong_action_object (19, 0.3%)

wrong_only_action (1, 0.0%)
wrong_only_object (169, 2.3%)

e

Error Types
false_no (581, 26.8%)

false_yes (513, 23.6%)
parsing_error (22, 1.0%)
false_nothing (108, 5.0%)
false_grab,_failed (71, 3.3%)
false_find_failed (194, 8.9%)
false_drop (34, 1.6%)
wrong_only_action (268, 12.4%)
wrong_only_object (128, 5.9%)
wrong_action_object (249, 11.5%)
wrong_only_object (1, 0.0%)
wrong_action_object (1, 0.0%)

wrong_action_object (1567, 21.0%)

-
-

w= hallucination_error (2036, 27.3%)
-

-

mes hallucination_error (334, 4.5%)

& —

Figure 23: The error distribution of GPT-40 (2 images).

Figure 20: The error distribution of Llama-3.2-11B-

Vision-Instruct.

Error Types
Error Types = false_no (455, 22.5%)
= false_no (945, 25.8%) false_yes (486, 24.1%)
false_yes (592, 16.2%) parsing_error (78, 3.9%)
m= false_nothing (709, 19.4%) m= false_nothing (37, 1.8%)
= false_grab_failed (267, 7.3%) m=false_grab_failed (78, 3.9%)
= false_find_failed (35, 1.0%) = false_find failed (169, 8.4%)
false_drop (6, 0.2%) false_drop (115, 5.7%)
B wrong_only_action (393, 10.7%) wrong_only_action (259, 12.8%)
Tt — m= wrong_only_object (144, 3.9%) == wrong_only_object (153, 7.6%)
ion [ — mm wrong_action_object (463, 12.7%) = wrong_action_object (179, 8.9%)
== hallucination_error (12, 0.3%) == hallucination_error (1, 0.0%)
wrong_only_action (16, 0.4%) == wrong_only_object (1, 0.0%)
Description == wrong_only_object (9, 0.2%) == wrong_action_object (1, 0.0%)
mm wrong_action_object (31, 0.8%) === hallucination_error (8, 0.4%)
w= hallucination_error (38, 1.0%)

Figure 21: The error distribution of Gemini-2.5-Flash-

Lite-Preview-06-17 (Thinking).

Figure 24: The error distribution of GPT-4o0.

Error Types

e false_no (1688, 26.7%)
false_yes (10, 0.2%)
Error Types = false_nothing (599, 9.5%)

w false_no (1161, 34.4%) = false_grab_failed (373, 5.9%)
false_yes (412, 12.2%) m false_find_failed (33, 0.5%)
parsing_error (17, 0.5%) false_drop (3, 0.0%)

m== false_nothing (321, 9.5%) wrong_only_action (468, 7.4%)

= false_grab_failed (215, 6.4%) = wrong_only_object (291, 4.6%)

- false_find_failed (24, 0.7%) === wrong_action_object (1491, 23.6%)
false_drop (1, 0.0%) wrong_only_action (185, 2.9%)
parsing_error (3, 0.1%) e wrong_only_object (832, 13.2%)
wrong_only_action (796, 23.6%) mm= wrong_action_object (294, 4.7%)

w= wrong_only_object (107, 3.2%) e hallucination_error (45, 0.7%)

= wrong_action_object (282, 8.4%)

= hallucination_error (32, 0.9%)

== wrong_action_object (1, 0.0%)

Figure 25: The error distribution of InternVL-3-8B-

Figure 22: The error distribution of GPT-40 (0 image). ~ Instruct.

19013



rror Types
false_no (1429, 27.3%)

false_yes (13, 0.2%)

false_nothing (71, 1.4%)
false_grab_failed (681, 13.0%)
false_find_failed (25, 0.5%)
false_drop (10, 0.2%)
wrong_only_action (380, 7.3%)
wrong_only_object (315, 6.0%)
wrong_action_object (1062, 20.3%)
hallucination_error (4, 0.1%)
wrong_only_action (344, 6.6%)
wrong_only_object (645, 12.3%)
wrong_action_object (116, 2.2%)
hallucination_error (145, 2.8%)

Error Types
false_no (286, 3.8%)
false_yes (1251, 16.5%)
false_nothing (1364, 18.0%)
false_find_failed (171, 2.3%)
hallucination_error (2960, 39.0%)
wrong_only_action (651, 8.6%)
wrong_only_object (201, 2.6%)
wrong_action_object (119, 1.6%)
hallucination_error (589, 7.8%)

Figure 26: The error distribution of InternVL-3-8B-
Instruct (Text).

Figure 29: The error distribution of L1aVA-v1.6-Mistral-
7B-HF.

Error Types
m—false_no (1,2.2%)

e false_drop (1, 2.2%)
w==hallucination_error (36, 80.0%)
w=hallucination_error (7, 15.6%)

Figure 27: The error distribution of Llama-3 LLaVA-
Next 8B HE.

Error Types
false_no (1730, 27.6%)
false_nothing (1687, 27.0%)
wrong_only_action (719, 11.5%)
wrong_only_object (529, 8.5%)
wrong_action_object (657, 10.5%)
hallucination_error (77, 1.2%)
wrong_only_action (102, 1.6%)
wrong_only_object (487, 7.8%)
wrong_action_object (165, 2.6%)
hallucination_error (104, 1.7%)

Error Types

false_no (1714, 43.0%)
false_yes (10, 0.3%)
false_nothing (630, 15.8%)
false_grab_failed (193, 4.8%)
false_find_failed (1, 0.0%)
wrong_only_action (453, 11.4%)
wrong_only_object (203, 5.1%)
wrong_action_object (590, 14.8%)
hallucination_error (5, 0.1%)
wrong_only_action (53, 1.3%)
wrong_only_object (18, 0.5%)
wrong_action_object (78, 2.0%)

hllucnain eror (42, 1.1% Figure 30: The error distribution of Qwen-2.5-VL-7B-
Instruct (No Image).

Figure 28: The error distribution of Gemini-2.5-Flash-
Lite-Preview-06-17.
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First-person

Instruction: "Make toast and have breakfast”

< Groundtruth of previous questions > < Other information >

Failure Categorization
Query2: What type of unexpected
situations were encountered during the situation occurred in the third_person
execution of the overall task images?

4 4

predicted_answer: grab_failed
ground_truth: nothing

Failure Detection
Query1: Whether any unexpected

predicted_answer: yes
ground_truth: no

reference perspective (Not Used as Input)

Action History

['<char0> [WALK] <kitchen> (204)', ‘<char0O> [WALK] <breadslice> (309)’,
‘<char0> [GRAB] <breadslice> (309)']

Action Domain (Optional)
['drop’, ‘grab_failed', 'find_failed'] and [‘close’, ‘drink’, ‘find', ‘walk’, ‘grab', ‘lookat',
‘open’, 'putback’, 'putin’, 'sit', 'standup’, 'switchoff', 'switchon', 'touch’, ‘turnto', 'watch',
‘read’, 'type’, 'plugin’, 'plugout']

Failure Description Failure Correction

Query3: What happened in the images
while you was performing your overall

task?
4 4

predicted_answer: grab breadslice
ground_truth: grab breadslice

Query4:
Make your next step.

predicted_answer: putback breadslice foster
ground_truth: putback breadslice toaster

Figure 31: An error sample of GPT-40 due to small size of object.

Vision

Instruction: “Change TV channel”

< Groundtruth of previous questions > < Other information >

Failure Detection
Query1: Whether any unexpected

Failure Categorization
Query2: What type of unexpected
situations were encountered during the situation occurred in the third_person
execution of the overall task images?

4 4

predicted_answer: nothing
ground_truth: nothing

predicted_answer: yes
ground_truth: no

First-person reference perspective (Not Used as Input)

Action History

['<char0> [WALK] <livingroom> (334)', '<char0O> [WALK] <remotecontrol> (451)",
<char0> [GRAB] <remotecontrol> (451)]

Action Domain (Optional)
['drop', 'grab_failed', 'find_failed'] and ['close’, 'drink', 'find', ‘'walk’, ‘grab', 'lookat',
‘open', 'putback’, 'putin’, 'sit', 'standup’, 'switchoff', 'switchon', 'touch'’, ‘turnto', 'watch',
‘read’, ‘type', 'plugin’, ‘plugout']

Failure Description Failure Correction

Query3: What happened in the images
while you was performing your overall

task?
4 4

predicted_answer: furnto fv
ground_truth: turnto tv

Query4:
Make your next step.

predicted_answer: grab remotecontrol
ground_truth: grab remotecontrol

Figure 32: An error sample of GPT-40 due to visual misleading or small object.
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First-person reference perspective (Not Used as Input)

o i/ h |
il f “

Vision

Uil o

Instruction: “Browse internet”

< Groundtruth of previous questions >

Failure Detection
Query1: Whether any unexpected
situations were encountered during the
execution of the overall task

4

predicted_answer: no
ground_truth: yes

< Other information >

Failure Categorization
Query2: What type of unexpected
situation occurred in the third_person

images?
¥

predicted_answer: find_failed
ground_truth: find_failed

Action History
['<char0> [WALK] <livingroom> (261)’, '<char0> [WALK] <desk> (80)",
‘<char0> [FIND] <chair> (81)', '<char0> [WALK] <chair> (81)’,
‘<char0> [SIT] <chair> (81)', '<char0> [FIND] <computer> (94)’,
‘<char0> [STANDUP] <computer> (94)', ‘<char0> [WALK] <computer> (94),
‘<char0> [WALK] <computer> (94)', ‘<char0> [SWITCHON] <computer> (94)',

‘<char0> [FIND] <mouse> (98)']

Action Domain (Optional)
['drop', ‘grab_failed', 'find_failed'] and ['close’, 'drink', ‘find’, ‘walk’, 'grab', 'lookat',
‘open’, 'putback’, 'putin’, 'sit, ‘'standup', ‘switchoff', ‘switchon', ‘touch’, ‘turnto’, ‘watch'’,

‘read, 'type', 'plugin’, ‘plugout']

Failure Description
Query3: What happened in the images
while you was performing your overall

task?
L 4

predicted_answer: find_failed mouse
ground_truth: find_failed mouse

Failure Correction
Query4:
Make your next step.

4

predicted_answer: find mouse
ground_truth: find mouse

Figure 33: An error sample of GPT-40 about scene-object relevance.

First-person reference perspective (Not Used as Input)

Action History

| . ['<char0> [WALK] <livingroom> (334)', '<char0O> [WALK] <remotecontrol> (451)]

Action Domain (Optional)
['drop’, ‘grab_failed', ‘find_failed’] and ['close’, 'drink’, ‘find', 'walk’, ‘grab', 'lookat',
‘open’, 'putback', ‘putin’, 'sit', ‘'standup’, ‘switchoff', 'switchon', ‘touch', ‘turnto', ‘watch',
‘read’, ‘type’, 'plugin’, ‘plugout']

Instruction: “Watch TV”

< Groundtruth of previous questions > < Other information >

Failure Detection Failure Correction

Query1: Whether any unexpected

Failure Description
Query3: What happened in the images
situations were encountered during the situation occurred in the third_person while you was performing your overall
execution of the overall task images? task?

4 4 4 4

predicted_answer: yes
ground_truth: no

Failure Categorization
Query2: What type of unexpected Query4:

Make your next step.

predicted_answer: find_failed
ground_truth: nothing

predicted_answer: find_failed remotecontrol
ground_truth: walk remotecontrol

predicted_answer: grab remotecontrol
ground_truth: grab remotecontrol

Figure 34: An error sample of GPT-40 about timely perception.
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