Scene Graph-Guided Proactive Replanning for
Failure-Resilient Embodied Agents

Daewon Chae!  Dabin Seo!
'Korea University

Che Rin Yu!

Yoonha Jang?
2KT (Korea Telecom) R&D Center
{eyucherin, cdw098, lemonstar99,

Jinkyu Kim!

Sangwon Lee?  Hyeongwoo IM?

jinkyukim}@korea.ac.kr

{yooona. jang, lee.sangwon, im. hyeongwoo}@kt .com

Abstract—Replanning is essential for robust robotic behavior
in unexpected environments. However, most existing approaches
often initiate replanning only after failures occur, which can lead
to irreversible errors or inefficient recovery actions. Proactive
replanning—detecting and correcting potential failures before
execution—offers a promising alternative, yet current methods
often rely on manual triggers, dense supervision, or costly anno-
tations. In this work, we propose a novel proactive replanning
framework that detects and corrects failures at subtask bound-
aries by comparing scene graphs against those representing the
target precondition states for each subtask, triggering reasoning
and corrective planning when graph-level discrepancies arise.
This explicit symbolic and spatial grounding enables the system
to robustly identify subtle violations of subtask preconditions
that are not apparent from object identities alone. Our method
requires no dense annotations, minimizes reliance on large
language models (LLMs), and supports real-time replanning
without resetting the scene. Empirical results with the AI2-THOR
simulator demonstrate that our approach effectively identifies
semantic and spatial mismatches before execution failures occur,
enabling robust and efficient task completion across complex
manipulation scenarios.

I. INTRODUCTION

Autonomous robots are increasingly capable of perform-
ing complex tasks, promising transformative applications in
unstructured real-world environments [9, 3, 35]. However, to
operate reliably, robots must dynamically adapt their behavior
in response to unexpected changes, errors, or failures that arise
during task execution. This makes replanning a fundamental
requirement for robust autonomy, particularly in unpredictable
settings where failures may involve irreversible or safety-
critical consequences that cannot be mitigated through simple
recovery mechanisms.

However, building robust replanning capabilities for au-
tonomous systems remains fundamentally challenging, re-
quiring the following three components: (i) determining the
optimal time for replanning interventions in an efficient man-
ner, (if) accurately diagnosing the root causes of failures or
potential failure conditions, and (iii) generating effective and
corrective action sequences that can recover progress toward
the task goal. Successfully addressing these components is
essential for enabling robots to operate safely and reliably
across diverse environments.

These challenges are further compounded in long-horizon
tasks, where failures often arise from subtle, often overlooked
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Fig. 1: (a) A conventional post-hoc replanning strategy, where
the agent reacts only after a failure occurs—e.g., detecting
an egg in a dirty pan and then replanning. In contrast, (b)
our proactive strategy monitors preconditions and replans
in advance—e.g., identifying the dirty pan beforehand and
cleaning it before cooking.

assumptions about spatial configurations [15, 29, 32]. For
instance, whether an object is properly placed, partially ob-
structed, or held can critically affect subtask feasibility. As a
result, robust failure reasoning and analysis require not only
high-level symbolic abstraction, but also fine-grained spatial
grounding that accurately captures both the relational and
geometric structure of the environment. This motivates the
development of structured spatial representations capable of
supporting reliable detection, reasoning, and replanning in
response to failures.

While some recent works have made notable progress
toward addressing these challenges, many approaches rely
mainly on post-hoc mechanisms (i.e., responding only after
failures emerge) [20, 11, 27, 31], predefined rule-based trig-
gers [33, 24, 16], or expensive human supervision [36, 28, 19,
5]. Consequently, they struggle to proactively prevent failures
in unexpected environments. These limitations highlight the
need for proactive replanning frameworks that can detect
potential failures before execution and adapt plans accordingly
in complex, unforeseen scenarios—much like how humans
recognize discrepancies between the current and expected
environment and adjust their actions before failures fully
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materialize. a successful (i.e., reference) trajectory, manual labels from
In this paper, we propose a proactive replanning strateyman annotation, or descriptions generated by large language
in which an agent anticipates potential failures during th@odels (LLMs) based on commonsense knowledge. In our
execution of long-horizon tasks (e.g., cooking an egg), as illusetting, we leverage a dataset of reference trajectddies
trated in Figure 1. This approach contrasts with conventionahere each trajectory 2 D speci es how a high-level task
post-hoc replanning strategies that address failures only affershould proceed under expected conditions, including the
they occur (compare Figure 1 (a) and (b)). Specically, ahal success conditionCy and the ordered sequence of

agent compares the scene graph of the current environmiajectories, we extract the expected precondition state for each
with an expected scene graph derived from prior successfulbtask, which serves as an intrinsic reference for comparison
demonstrations. If the graph-level similarity falls below a@uring execution.

prede ned threshold, an online replanning process is initiated.
This process generates a reasoning chain to identify the Iik&y
cause of failure (e.g., “a dirty pan is unsuitable for cooking”) To represent the robot's semantic understanding of the envi-
and subsequently formulates corrective actions (e.g., “cleemnment prior to executing each subtask, we construct a task-
the pan before frying the egg”), thereby avoiding the predictédformed scene graph from the robot's RGB-D observation.
failure and enabling successful task completion. We validai@ch scene graph captures objects, their states, and spatial re-
the effectiveness of our method using the AI2-THOR simuationships that are relevant to the current subtask context. Our
lator [17], demonstrating the agent's ability to preemptivelgpproach is inspired by the scene graph construction methods
avoid or recover from potential failures during task executioproposed in REFLECT [20], which summarize multimodal
Our contributions are as follows: sensory inputs into symbolic structures for post-hoc failure

We propose a novel proactive replanning approach tHPlanation, and RoboEXP [14], which introduces an action-
preemptively identi es and mitigates potential failures tgonditioned 3D scene graph that models interactive and spatial

ensure reliable achievement of target objectives in longglations between objects and actions.

horizon tasks Instead of generating scene graphs per frame, we construct
We present a lightweight scene graph-based failure antiéP€ at the start of each ;ubtask to check if_preconditions

pation method that, at the onset of each sub-task, asse§§smet. From an RGB-D image, we detect objects, segment
whether the current scene is suitable for executing actioff9ions, and infer state attributes via CLIP [23]. Depth is used

necessary to achieve the overall task objectives. to project the scene into a 3D point cloud, enabling spatial

We demonstrate the effectiveness of our approach, showf§gsSoning. We extract pairwise object relations using spatial

that it not only improves failure detection and task succe8&uristics, and use the gripper state to identify robot-object

rates compared to baseline methods, but also enhant¥gractions. The resulting grai@ = (Vi; E;) contains object

failure reasoning quality as assessed by human evaluatiohdes, state attributes, spatial edges, and a subtask node for
context.

3D Scene Graph Construction

1. METHOD
C. Expected Scene Inference

A. Problem Formulation In order to evaluate whether the environment satis es the

We consider the problem of executing long-horizon taskspnditions for successful subtask execution, we infer expected
each de ned by a desired success conditiyga that describes scene graphs from target precondition states. In this setting,
the nal state the robot must achieve (e.g., “a mug lledve assume a single reference trajectory generated ofine,
with coffee is placed on the table”). To achie®.., a serving solely as a static reference for expected subtask condi-
task T is decomposed into an ordered sequence dfigh- tions. During deployment, the robot independently constructs
level subtasksT = [ai;ap;:::;an], where each subtask scene graphs from its own perturbed sensory observations
corresponds to a semantically meaningful action (e.g., “graimd compares them against expected scene graph references
mug,” “put mug on coffee machine”). Each subtask is intenddédr discrepancy detection. If the mismatch exceeds a pre-
to transition the environment closer to satisfyi@goa, such de ned threshold, the system triggers proactive replanning.
that the full execution o leads to potential task completionThis design not only ensures that failure reasoning remain
under expected conditions. grounded in imperfect inputs, but also provides a consistent

At execution time, the robot receives an RGB-D obseand interpretable references for detecting deviations from
vation |; of the environment immediately before executingxpected task progress without requiring dense supervision or
each subtaslk;, from which it extracts a structured semanti@xtensive manual annotations.
representation in the form of a scene graphthat captures ) ] ) ]
the entities and their relations present at that moment. o Graph-Based Discrepancy Analysis for Failure Detection
assess task progress and detect potential failures, the robdio assess whether the current environment satis es the
comparesG; to the expected scene gragh inferred from expected conditions for subtask execution, we compare the
the target precondition staf®, which may be derived from observed scene grag@f?s with the expected grapB;™® using



Fig. 2: Our method consists of four steps: (1) compute scene graph similarity to assess subtask feasibility; (2) if below a
threshold, use an LLM to infer likely failure causes; (3) generate corrective actions using the original plan and reasoning; (4)
execute the revised plan.

a graph based discrepancy analysis algorithm. Each graptecuted online, enabling the robot to dynamically recover
consists of a set of object nodes, their associated attribufesm unexpected deviations or environmental constraints in
(e.g., object states), and labeled edges denoting spatialreal time. [Il. EXPERIMENTS

functional relationships. Implementation and Evaluation Details. All experiments

s'nT'IC)zfr('at Slbn(;![lagteynsplgdaetclf]e((:jor(;]t?g:;dnc?jetshe g\:\eraegtehecrogfage conducted in the AI2-THOR simulator [17] using GPT-
imrartty betw ) » using €l [1] for language reasoning. We construct a precondition

embeddings or semantic segmentation features that e”‘;Bﬁﬁer by storing RGB-D observations before each subtask in

both object class and state. To penalize extra or missing no 1€S: ,ccessful demonstration. At runtime, scene graphs from

the sum is normalized by the total number of unique nOd§§ored and current observations are compared to detect poten-
across both graphs. When the similarity sc8rdbetween the P P

observed and expected scene graphs falls below a thresﬁc?zlgfanures. We evaluate on complex tasks from the RoboFail

. aset [20], which includes long-horizon manipulation sce-
e.g.,S < 0:9), the system predicts that the current subtask’s_ . ; . . " :
(eg " ) system p _ X narios with diverse failure cases. Additional task details are
preconditions are likely violated and initiates proactive replan- _ . . .
. ! . ._provided in Section C.
ning. Further explanation on can be found in the appendix.
Effects of Proactive Replanning. To evaluate the effec-

E. Replanning Strategy tiveness of our proposed proactive replanning method, we

Following the detection of a potential failure, our framewor°nstruct a benchmark of 10 tasks—extending the RoboFalil

decomposes the replanning process into two modular comﬁ@—?lfatsett_w't% scenarios SfpeCI cally cu_r:lte;j _tlo test\';\r;e robot's
nents: a reasoning module and a replanning module, enablfy''ty 10 @V0Id Or TECOVET Irom ITeversibie failures. We assess

the robot to proactively adjust its plan before executing RE formance usjng task success rate (SR) and Tota! Execution
subtask that may otherwise result in failure, as illustrated Hme (TET), which measures the average total duration of task

Figure 2.The reasoning module is responsible for interpretifig€cution including time spent on replanning for all tasks. Our

the cause of failure. Upon detecting a discrepancy, natuFﬂ?thOd is compared against two baselines that rely on post-hoc
anning with language-based reasoning. The rst follows

language descriptions of the observed and expected sc

graphs, along with the task goal and current subtask conteq?f" original REFLECT [20] framework, where replanning is

are passed to a language-based reasoning model (i.e., GPT—tﬁ'Qfered only after the entire task hqs been.completed. The
ond adapts REFLECT to an online setting, performing

The model is prompted to explain why the mismatch may lea§

to task failure and what changes must be made to the currda cation at the end of each subtask to detect failures. Both

situation or plan to recover from the failure. baselines are reactive, differing only in whether replanning is

The output of the reasoning module is then passed to tpi'lé;;gered at the end of the task or during execution. Further

replanning module, which is subsequently invoked to generé?esuns that illustrate this distinction can be found in Section D.

recovery plans. This component takes as input the robot's cémalysis of Potential Failure Detection.As shown in Fig-

rent state, the list of available high-level actions, the observahlee 3 (a), we validate our scene graph-based failure detection
objects in the scene, and the reasoning-informed constraimtsthod by comparing it with the following three alternative
or suggestions. The replanning model uses this informationapproaches:i) image-level comparison using CLIP [23] em-
generate a revised action sequence that corrects the issuelmtitling space,ij caption-based comparison in which scene
restores progress toward the task goal. The new plan is thldgscriptions are generated by vision-language models, and



Fig. 3: (a) Comparison of baseline methods and our scene graph-based approach for detecting discrepancies between currel
and expected preconditions. Baselines include:lifigge Similarity via CLIP embeddings, (2dmage Captioning via text
comparisons, (30bject Detection via object count matching, and (4) o@cene Graphmethod using structured graph
analysis. (b) Failure detection and task success rates across all approaches.

TABLE I: Results Of proactive replanning- compared to altelyq) 1], conditioned on the method's internal representation of
native methods.§R: Success Rate, TET: Total Execution e scene, the current subtask, and the overall task goal. In our

Time in second$ approach, the LLM is prompted with structured scene graph
Method Type SR (%) " | TET (sec)# differences, whereas for the baselines, it is prompted with
REFLECT [20] Of ine replanning after task 20 151.0 ; ; H H
REFLEGT-online | Online replanningafter failure 50 1539 e|t_her raw image embeddings, generated captions, or detected
Ours Online replanningbeforefailure 70 117.0 object-level features.

Baseline No replanning 0 84.6

(iii) object-level similarity scoring based on detected object
bounding boxes. Additional implementation details for each
method are provided in Section E. Each method receives the . . .
same RGB-D observation at the beginning of a subtask and 5§ 4 Human evaluation on reasoning, compared to baseline
sesses whether the current scene aligns well with the expec&gin0ds-
conditions derived from a reference trajectory. If the level To assess explanation quality, we conduct a user study with
of discrepancy exceeds a prede ned threshold, the methdd human evaluators. In each case, evaluators are provided
predicts a potential failure. To ensure a fair comparison, wéth the ground-truth failure cause and two candidate expla-
vary the similarity threshold values (90%, 85%, and 80%)ations (one generated by our method and one by a baseline
and report the average failure detection rates (FDR) and taBRthod) and corresponding visual observations. Annotators
success rates (SR). Comprehensive results for all threshgiig instructed to compare the two explanations and select the
are in Section F. one better aligned with the ground-truth reasoning. If they nd

The evaluation results in Figure 3 (b) demonstrate thBPth explanations equally valid or are unsure, they are allowed
our scene graph-based approach consistently achieves higfetelect both. More information about this is in Section H.
failure detection rates (FDR) and task success rates (SR) cdii-Shown in Figure 4, our method signi cantly outperforms
pared to all baseline methods. In contrast, approaches relyfgbaselines in explanation quality, underscoring the critical
solely on visual or semantic cues demonstrate substantidfie¢ of spatial reasoning in failure understanding.
lower performance. While the object detection-based method IV. CONCLUSION
provides object-level recognition, it lacks the spatial reasoningWe propose a proactive replanning framework that antic-
necessary to evaluate the relational con gurations critical fipates and corrects failures during robotic task execution by
subtask feasibility. These results highlight the importan@nalyzing scene graph discrepancies. Our method enables early
of incorporating explicit symbolic and spatial reasoning folailure detection and real-time recovery without relying on
reliable proactive replanning. dense supervision or frequent LLM calls. Experiments on the

. - . . . RoboFail benchmark show that our approach signi cantly im-

Analysis of Anticipatory Failure Reasoning. Building on LFﬁregves both failure detection and task success, demonstrating

the same setup for failure detectl_on, we fu_rther evaluatg importance of structured spatial reasoning for reliable and
effectiveness of our framework in reasoning about fa"”rgdaptive robot behavior

cases. To ensure a fair comparison, we take episodes where

all methods correctly identi ed a failure and evaluate their V. ACKNOWLEDGMENT

ability to explain the cause of that failure. For each method, weThis work was the result of project supported by Korea
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APPENDIXA
RELATED WORKS

Strategies for Robotic Replanning.There has been a growing interest in replanning strategies in the robotics community where
approaches have been introduced based on prede ned rule-based triggers [33, 24, 16, 4], human-in-the-loop strategies [36,
28, 5], post-hoc replanning strategies [20, 11, 27, 31], and large vision-language model-based methods [7, 6]. Human-in-the-
loop [36, 28, 5] strategies offer operational exibility by allowing supervisory intervention during task execution, but they
introduce scalability challenges, which are impractical for fully autonomous operation, and impose signi cant labor costs.
Post-hoc replanning methods [20, 11, 27, 31], which analyze completed subtasks or trajectories to identify failure points, are
shown effective but unsuitable when corrective action must occur before a failure materializes. Moreover, these approaches
inherently struggle with irreversible failures where retrospective corrections are infeasible. Lastly, more recent methods leverage
vision-language models trained on failed trajectories [7, 6] show promise in recognizing failure scenarios, but require large-scale
annotations, incure data collection costs, and often fail to generalize to rare or unseen failure modes.

While some recent works have attempted proactive replanning [33, 24, 16, 4], they rely on pre-de ned triggers and react
only to anticipated conditions, limiting their ability to handle novel or unforeseen situations. To address this, we present a
scene graph-based proactive replanning method, which is exible and robust in long-horizon robotic tasks as it supports early
detection of potential failures and real-time corrective replanning.

Multi-modal Large Language Models (LLMs) in Robotics. Multi-modal large language models (LLMs) have been widely

used in robotic task planning [2, 13, 12, 25, 12], translating high-level instructions into action sequences or executable code [30,
18]. Similarly, Vision-Language Models (VLMs) interpret visual scenes [22, 8, 21, 34] and detect task-relevant objects [26, 10]
to extract visual information and align semantic cues in the environment. However, VLMs often overlook geometric and precise
spatial structures, and struggle with occlusions, spatial constraints, and geometric plausibility in complex scenes [15, 29, 32].
Moreover, LLMs and VLMs may hallucinate [38, 37] and cause errors while assessing environment states, where minor spatial
inconsistencies such as occluded objects, misplaced items, or obstructed targets, may silently violate task preconditions in
failure detection. Solely relying on high level semantics may not detect such failures, highlighting the need for explicit spatial
reasoning to detect discrepancies in real time. To address this, we propose a novel framework combining symbolic scene graph
comparisons with selective LLM reasoning for proactive failure detection, while also ef ciently leveraging LLMs with minimal
inference overhead.

APPENDIXB
GRAPH-BASED DISCREPANCYANALYSIS FOR FAILURE DETECTION

Node similarity Snoge IS cOomputed as the average cosine similarity between matched object nodes, using either CLIP
embeddings or semantic segmentation features that encode both object class and state. To penalize extra or missing nodes, tt
sum is normalized by the total number of unique nodes across both graphs:

1 X
Shode= ————— cos f (v°P9); f (v 1
node ]Vexp[V P . ( i 5) ( i p) ( )

Edge similarity Seqgd and structural similarity $syru provide complementary views of structural alignment between graphs.
Speci cally, Seqge measures how well spatial or functional relationships align by computing the ratio of correctly matched
edges to the total number of unique edges, wBig,c assesses the consistency of node connectivity by measuring differences
in node degrees across matched pairs. The two metrics are de ned as:

Soyo JEmacned . g, 1% jdeg™ deg() @
edge jEexp[ E obsj 1 struc N - D
We compute a graph similarity sco8 by averaging the three normalized components:
S = avy(Snode Sedgé Sstrud) (3)

When the similarity scoré& between the observed and expected scene graphs falls below a threshol8 (.g.9), the
system predicts that the current subtask's preconditions are likely violated and initiates proactive replanning.



APPENDIXC
RoBOFAIL TASK DESCRIPTIONS

The RoboFail dataset, introduced in REFLECT [20], is built in simulation using Al2-THOR [17]. It contains task execution
data where various failure cases are manually injected to study failure reasoning. The dataset includes 100 failure scenarios,
covering 10 distinct tasks with 10 failure cases per task. About 11% of failures in RoboFail—such as dropped objects—cannot
be detected purely from pre-execution observations, we handle these cases by evaluating failure detection immediately before
the next subtask, once the effects become visually apparent.

TABLE Al: Polished task descriptions for T1-T10 with corrected numbering and horizontal lines.

Task ID | Task Name | Description

T1 Boil Water A pot lled with water is placed on a stove
burner that is actively heating.

T2 Toast Bread A slice of bread is positioned inside a toaster
that is currently running.

T3 Fry Egg A cracked egg is cooking in a pan situated on a
stove burner that is turned on.

T4 Heat Potato A potato rests on a plate inside a microwave that
IS operating.

T5 Make Coffee A clean mug lled with coffee is placed neatly

on the countertop.

T6 Store Egg A bowl containing an egg is stored securely
inside the refrigerator.

T7 Water Plant The houseplant has been watered and its soll
appears moist.

T8 Switch Devices | A closed laptop is placed on the TV stand, and
the television is powered on.

T9 Make Salad A bowl of freshly sliced lettuce, tomato, and
potato is kept chilled in the fridge.

T10 Serve Warm Water| A mug of water, heated in the microwave, is
served on the dining table.

APPENDIXD
DETAIL RESULTS ONPROACTIVE REPLANNING

Table A2 shows evaluation across a set of robotic tasks under diverse failure injection scenarios, especially in irreversible
settings. Each task is injected with a speci c¢ failure condition (i.e., incorrect object contents or unintended irreversible actions)
to examine the effectiveness of the system's ability to replan. We compare our method against REFLECT [20] and a reactive
online variant (REF-online) inspired by the original re ect implementation. For each method, we record whether the task was
successfully completed with the new plan and the total execution time in seconds. The success rate is solely determined by
the nal state of the execution, and whether it satis ed the task provided.



TABLE A2: Experimental results on various failure cases on different tasks. We compare our proposed replanning method
with REFLECT [20] and its online version (i.e., REF-online) we implemented based on the original code. CRlacess

shows whether or not the method successfully replanned, avoiding the injected failure, and completed the task. We also record
the Total Execution TimeTET) in seconds.

Task Task Description Failure Injection | Method  Success TET
REFLECT False 122

Water the houseplant with Pot is lled with wine in the

Water Plant - . REF-online  False 78
water beginning of task execution. ours True 43

Water Plant Water the houseplant with Pot is lled with coffee in the IgEEFH;)Eﬁ:rL E?lzz Zg

water beginning of task execution.

Ours True 43

Pan is dirty in the beginning of REFLEC.:T True 134

Cook Egg Cook an egg on a clean Pa o task REF-online  True 144
' Ours False 159

There is a potato on top of a | REFLECT True 192

Cook Egg Cook an egg on a clean papan in the beginning of task REF-online  True 143
execution. Ours True 103

. .| REFLECT False 108

Cook Egg Cook an egg on a clean pagpfhgogg: icnrstce'fdd;P?hggga'r?S'dq?EF-online False 120
) Ours True 84

Serve coffee on a clean The mua is dirty in the REFLECT  False 163

Make Coffee  mug and place it on the beginningg of tagk execution REF-online  True 123
countertop ' Ours False 123

Serve Whole  Serve a whole (uncooked) The robot executed the action JfREFLECT False 80

Egg egg in a bowl cooking the egg. REg—lj)rr;Ime 'Ilz'?lfae 5734

Serve Whole  Serve an unsliced tomato The robot executed the action JfREFLECT False 120

; L REF-online  False 111
Tomato in a bowl slicing the tomato. ours True 64

Serve Breakfast Serve an unsliced apple  The robot executed the action )fgglf-laiﬁ:r;re II::;ZIISsee 222‘(1)
(simple) and sliced lettuce slicing the apple. ours True 257
REFLECT False 267
REF-online  False 253

Ours False 241

Serve Breakfast Serve an unsliced apple  The mug is dirty in the
(simple) and coffee beginning of task execution.

APPENDIXE
DETAILS ON BASELINE METHODS

To evaluate the effectiveness of our scene graph-based approach for proactive replanning, we compare it against three baselin
methods: (i) image similarity using CLIP [23] embeddings, (ii) caption-based comparison using vision-language models, and
(iii) object-level similarity scoring based on detected bounding boxes. All methods use the same RGB-D input information.

For the CLIP-based image similarity baseline, we rst compute the similarity score between the expected and current images
using CLIP embeddings. If the score exceeds a prede ned threshold, we pass both images to GPT-40 and prompt it to describe
the differences and identify potential causes of failure. Based on the model's reasoning, we then trigger replanning through an
additional LLM call.

For the caption-based comparison baseline, we use GPT-40 [1] to generate captions for both the expected and current RGE
images. We then calculate the similarity between the two captions using CLIP embeddings. If the similarity exceeds a threshold,
we further prompt GPT-40 with both captions to reason about the differences and replan based on the generated explanation

For the object-level similarity baseline, we use bounding box detections provided by the simulator [17]. We extract detected
objects from both the expected and current images and count the number of objects present in each scene. We compute
similarity score based on the object counts, and if it exceeds a threshold, we pass the lists of detected objects into GPT-40 to



reason about discrepancies and trigger replanning accordingly.

APPENDIXF
FULL RESULTS ONFAILURE DETECTION RATE AND SUCCESSRATE

In our main experiment, we vary the similarity threshold values (90%, 85%, and 80%) and report the mean failure detection

rates (FDR) and task success rates (SR). Here, we provide the detailed results for each individual threshold setting to offer a
comprehensive view of the performance trends.

TABLE A3: Success rate of detection based methodask results (T1-T10) and total scores across different threshold levels.

Threshold T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 | Total
90% 10 10 50 50 30 30 30 80 80 40| 41.0
85% 10 10 40 40 40 40 30 60 70 40| 38.0
80% 10 10 40 30 40 40 30 50 50 40| 34.0

Average 10 10 43.33 40 36.66 36.66 30 63.33 66.66 40 37.66

TABLE A4: Failure detection rate of detection based methodTask results (T1-T10) and total scores across different
threshold levels.

Threshold Tl T2 T3 T4 TS5 T6 T7 T8 T9 T10 Total
90% 50 40 30 30 30 30 20 20 30 20 30.0
85% 50 30 30 30 30 30 20 20 30 20 29.0
80% 50 30 30 30 30 30 20 20 30 10 28.0

Average 50 33.33 30 30 30 30 20 20 30 26.66 29.99

TABLE A5: Success rate of image similarity based methodrask results (T1-T10) and total scores across different Threshold
levels.

Threshold T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 Total
90% 80 40 50 70 50 40 70 70 30 20 52.0
85% 40 30 50 50 30 70 70 70 20 10 44.0
80% 40 50 50 40 30 50 70 70 20 10 43.0

Average 53.33 40 50 53.33 36.66 53.33 70 70 23.33 13.33 46.33

TABLE A6: Failure detection rate of image similarity based method:Task results (T1-T10) and total scores across different
Threshold levels.

Threshold Tl T2 T3 T4 T5 T6 T7 T8 T9 T10 Total
90% 30 50 30 20 30 20 40 20 40 20 30.0
85% 20 50 30 10 20 20 30 20 40 10 25.0
80% 20 50 30 10 20 20 30 20 40 10 25.0

Average 23.33 50 30 13.33 23.33 20 33.33 20 40 13.33 26.65




TABLE A9: Success rate of our proposed methodrlask results (T1-T10) and total scores across different Threshold levels.

Threshold Tl T2 T3 T4 T5 T6 T7 T8 T9 T10 | Total
90% 90 70 70 80 70 70 100 70 70 70| 76.0
85% 90 70 70 80 70 70 100 70 60 70| 75.0
80% 90 60 70 80 60 70 90 60 50 70| 70.0

Average 90 66.66 70 80 66.66 70 96.66 66.66 60 70 73.67

TABLE A10: Failure detection rate of our proposed method: Task results (T1-T10) and total scores across different
Threshold levels.

Threshold | T1 T2 T3 T4 5 T6 T7 T8 T9 T10 | Total
90% 100 100 100 100 100 100 100 100 100 104 100.0
85% 90 9 100 90 100 90 90 80 100 90| 920
80% 90 80 100 90 80 90 90 70 90 9 | 87.0

Average 93.33 90.0 100 93.33 93.33 93.33 93.33 83.33 96.66 93.33 | 92.97

TABLE A7: Success rate of image captioning based methodlask results (T1-T10) and total scores across different threshold
levels.

Threshold T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 Total
90% 80 40 50 70 50 40 70 70 40 60 57.0
85% 70 40 40 50 30 30 60 70 20 40 45.0
80% 70 40 40 40 30 30 50 70 20 30 42.0

Average 73.33 40 43.33 53.33 33.33 33.33 60 70 26.67 43.33 47.6

TABLE A8: Failure detection rate of image captioning based methodTask results (T1-T10) and total scores across different
threshold levels.

Threshold | T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 | Total
90% 80 60 70 80 60 60 70 30 70 60 | 68.0
85% 70 50 60 70 40 40 60 20 50 40 | 480
80% 70 50 60 70 40 30 60 20 50 40 | 47.0

Average 73.33 53.33 63.33 73.33 46.67 43.33 63.33 23.33 56.67 46.67 54.0

APPENDIXG
ADDITIONAL QUALITATIVE EXAMPLES OF FAILURE REASONING

In this section, we illustrate additional results of failure reasoning on baseline methods and ours. Figure A1 shows reasoning
on “toast bread' task, where failure occurs at subtask “(pigkKnife)' because there is a pot blocking the knife. Figure A2
shows reasoning on “heat potato’ task, where failure occurs at subtask UjpjdRotato)' because it navigated to an apple and

trying to pick up an apple instead of a potato. Our method captures spatial information from scene graph to resolve possible
failure at current scene.



Fig. Al: Additional examples of failure reasoning comparing ours to other baseline methods.



Fig. A2: Additional examples of failure reasoning comparing ours to other baseline methods.
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