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ABSTRACT
When humans perform everyday tasks, we naturally adjust our ac-
tions based on the current state of the environment. For example, if
we plan to heat a bowl of soup in the microwave and see that there’s
already a plate inside, we first remove it before proceeding. How-
ever, many autonomous robots lack this adaptive awareness. They
often follow pre-planned actions that may overlook subtle yet criti-
cal changes in the scene, which can result in actions being executed
under outdated assumptions and eventual failure. While replanning
is critical for robust autonomy, most existing methods respond only
after failures occur, when recovery may be inefficient or infeasible.
In this work, we present a proactive replanning framework that
anticipates and prevents failures before action execution.The key
idea is to learn visual preconditions from successful demonstra-
tions. Before each subtask, the system builds a scene graph from
RGB-D observations and compares it with an expanding buffer of
reference graphs from successful trials. When the similarity falls
below a threshold, a lightweight reasoning module diagnoses the
discrepancy and generates a corrective sub-plan. As the experience
buffer grows, the system scales and generalizes more efficiently,
highlighting a progressive path toward more autonomous and effec-
tive replanning. Experiments in both the AI2-THOR simulator and
real-world platforms show that our approach improves task success
and execution performance compared to baselines.
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Figure 1: An overview of the proposed framework. Prior
to executing each subtask (e.g., “pick up pot”), the model
encodes the current visual observation into a scene graph
representation and compares it with previously successful
demonstrations stored in a target precondition buffer. If a
sufficiently similar match is found, the subtask is executed
as planned. Otherwise (e.g., when an apple is placed on the
pot), the agent performs failure reasoning to infer potential
causes and proactively initiates a replanning process.

1 INTRODUCTION
Despite recent advances in embodied intelligence [3, 10, 36], robots
still struggle to adapt their plans once deployed in dynamic en-
vironments. A plan that was optimal at design time can quickly
become invalid as the environmental conditions change (e.g., ob-
jects are moved, containers filled, or surfaces obstructed). When
such discrepancies remain unnoticed, robots may operate on out-
dated assumptions, leading to cascading errors or task failure. These
challenges highlight the importance of replanning, the ability to
revise or regenerate new plans based on updated observations,
as a fundamental prerequisite for achieving reliable autonomy in
unpredictable settings.

However, developing such replanning capabilities for autonomous
systems remains a fundamental challenge, as it requires the follow-
ing four key components: (i) efficiently determining the optimal
timing for replanning interventions, (ii) accurately diagnosing the
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Figure 2: (a) Conventional post-hoc replanning methods [12, 21, 28, 32] react only after a failure (e.g., noticing an egg is fried in
a dirty pan). (b) Our proposed proactive replanning method. The agent compares current scene graphs with reference scenes
from a Target Precondition Buffer. When no reference is available or when similarity scores fall below a threshold, the system
invokes an LLM to verify and reason about scene validity. If conditions are unsuitable, it replans (e.g., cleaning the pan before
frying the egg); otherwise, it proceeds and updates the buffer with validated scenes. This proactive mechanism enables early
failure detection, buffer growth, and more reliable task success.

root causes of failures or potential failure conditions, (iii) lever-
aging past experiences to guide future decision making, and (iv)
generating effective and corrective action sequences to recover
progress toward the task objectives. Effectively addressing these
components is essential for enabling autonomous robots to operate
reliably across diverse and dynamically changing environments.

Although recent studies have made notable progress in address-
ing the challenges of robotic failure recovery, many existing ap-
proaches mainly rely on post-hoc mechanisms (i.e., responding
only after failures emerge, see Figure 2 (a)) [12, 21, 28, 32], expen-
sive human supervision [5, 20, 29, 37], or predefined rule-based
triggers [17, 25, 34], which fail to simultaneously capture the com-
plexity of real-world visual contexts and self-improving behavior
of agents.

A key concept underlying proactive replanning is the notion
of preconditions, i.e., constraints that must be satisfied before an
action can be successfully executed (e.g., a pan must be clean be-
fore use, or a container must be empty before placing an object
inside). Such preconditions are typically defined manually through
hand-engineered rules, which tend to break down under visually di-
verse or dynamic conditions. To address these limitations, we draw
inspiration from human perceptual reasoning. Rather than verify-
ing explicit conditions, humans rely on accumulated perceptual
experience, rapidly inferring from visual cues whether an action is

feasible, such as recognizing at a glance whether a drawer is open,
blocked, or otherwise inaccessible.

While vision language models (VLMs) may seem intuitive for
assessing task preconditions, they often overlook spatial incon-
sistencies [16, 30, 33] and are prone to hallucinations [38, 39]. In
contrast, scene graphs provide a structured representation of the
environment, enabling the agent to reason about relational and
geometric context, such as whether an object is partially visible, ob-
structed, or held by the agent, which directly affects task feasibility
and motivates the development of structured scene representations
that capture both relational and geometric context for failure de-
tection and informed replanning.

As shown in Figure 1, we propose a novel proactive replanning
method that can detect potential failures prior to action execution
and dynamically revise its plans by efficiently checking differences
between the current scene and previous successful demonstrations
of long-horizon tasks (e.g., boiling water, cooking an egg). This ap-
proach contrasts with conventional post-hoc replanning strategies
that respond only after failure occur (compare Figure 2 (a) vs. (b)).
Specifically, at the beginning of each sub-task (e.g., “picking up a
pan”), the agent compares the scene graph of the current environ-
ment against expected scene graphs derived from prior successful
demonstrations, which are stored in an incrementally expanding
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Figure 3: Our approach proceeds in four stages: (1) assess subtask feasibility by comparing the current and reference scene
graphs; (2) if similarity is below a threshold, prompt an LLM to verify the scene and identify potential failure causes; (3) derive
corrective actions from the reasoning and original plan; and (4) execute the refined plan.

experience buffer. If the similarity between the current and refer-
ence scene graphs falls below a threshold, the system proactively
verifies the discrepancy and triggers replanning before executing
the subtask. This process involves generating a reasoning chain to
identify the probable cause of failure (e.g., “a dirty pan is unsuitable
for cooking”) and formulating corresponding corrective actions
(e.g., “clean the pan before frying the egg”), thereby avoiding failure
and enabling successful task completion. We validate our approach
in the AI2-THOR simulator [18], achieving up to 25–30% higher
task success rates than vision–language model based approaches,
while completing tasks 20–30% faster on average, demonstrating
both improved execution efficiency and the agent’s ability to pre-
emptively avoid and recover from potential failures during task
execution. We summarize our contributions as follows:

• We present a novel proactive replanning method that leverages
scene graphs to structurally evaluate whether subtask precon-
ditions are satisfied, allowing efficient proactive replanning
through early detection and correction of potential failures.
• We utilize an incrementally expanding precondition buffer that
accumulates validated representations over time, enabling the
agent to learn from prior experience, reduce dependence on
computationally expensive LLM/VLM-based reasoning, and
progressively enhance its lifelong robustness.
• Our experiments conducted on both custom and off-the-shelf
datasets, including simulation and real-world platforms, demon-
strate that our approach achieves higher task success rates,
stronger failure detection accuracy, and more interpretable rea-
soning compared to existing baselines, as validated through
human evaluations.

2 RELATEDWORK
Replanning Strategies for Robotics. There has been a growing
interest in replanning strategies in the robotics community where
various approaches have been introduced based on predefined rule-
based triggers [4, 17, 25, 34], human-in-the-loop [5, 7, 29, 37], post-
hoc replanning [12, 21, 28, 32], and large vision-language model-
based methods [6, 8]. Human-in-the-loop [5, 29, 37] strategies offer
operational flexibility by allowing supervisory intervention during

task execution, but they introduce scalability challenges, which are
impractical for fully autonomous operation, and impose significant
labor costs. Post-hoc replanning methods [12, 21, 28, 32], 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 [6, 8] 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.

Large LanguageModels (LLMs) for Robotics.Multi-modal large
language models (LLMs) have been widely used in robotic task
planning [2, 13, 13, 14, 26], translating high-level instructions into
action sequences or executable code [19, 31]. Similarly, Vision-
Language Models (VLMs) interpret visual scenes [9, 22, 23, 35] and
detect task-relevant objects [11, 27] 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 [16, 30, 33]. Additionally, LLMs and VLMs may
hallucinate [7, 38, 39] and cause errors while assessing environment
states, where minor spatial inconsistencies such as occluded objects,
misplaced items, or obstructed targets, may silently interfere with
task execution. Solely relying on semantics may not detect such
failures, highlighting the need for explicit spatial reasoning to detect
discrepancies in real time.

3 METHOD
Problem Formulation. We consider the problem of executing
long-horizon tasks, each defined by a desired success condition
𝐶goal that describes the final state the robot must achieve (e.g., “a
mug filled with coffee is placed on the table”). To achieve 𝐶goal, a
task T is decomposed into an ordered sequence of 𝑛 high-level
subtasks, T = [𝑎1, 𝑎2, . . . , 𝑎𝑛], where each subtask 𝑎𝑖 corresponds
to a semantically meaningful action (e.g., “grab mug”). Each subtask
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Algorithm 1 Proactive Subtask Validation with Buffer Update
Require: Task T = [𝑎1, . . . , 𝑎𝑛], goal 𝐶goal, buffer B, execution

threshold 𝜏exec
1: for each subtask 𝑎𝑖 in T do
2: Observe environment and build scene graph 𝐺𝑖

3: Retrieve reference graphs R for 𝑎𝑖 from buffer
4: 𝑠★← max𝐺̂∈R Sim(𝐺𝑖 ,𝐺) ⊲ max similarity to references
5: if R ≠ ∅ and 𝑠★ ≥ 𝜏exec then ⊲ a sufficiently similar

reference exists
6: Execute 𝑎𝑖
7: else ⊲ no reference exists or similarity below 𝜏exec
8: Use LLM to verify and reason about 𝐺𝑖

9: if scene is valid then
10: add 𝐺𝑖 to buffer and execute 𝑎𝑖
11: else
12: Replan using LLM’s explanation and execute new

plan
13: end if
14: end if
15: end for

is intended to transition the environment closer to satisfying 𝐶goal,
such that the full execution of T leads to potential task completion.

At execution time, the robot receives an RGB-D observation
𝐼𝑖 of the current environment before executing each subtask 𝑎𝑖 .
From this observation, the robot constructs a structured semantic
representation in the form of a scene graph 𝐺𝑖 , which captures the
entities present as well as their spatial and relational configurations
derived from visual cues. To evaluate the feasibility of executing 𝑎𝑖 ,
the robot compares 𝐺𝑖 to reference graphs {𝐺1

𝑖 ,𝐺
2
𝑖 , . . . ,𝐺

𝑘
𝑖 }, each

representing valid configurations observed at the same subtask step
across 𝑘 valid demonstrations.

Buffer Construction fromReference Demonstrations. In order
to evaluate whether the environment satisfies the conditions for
subtask execution, we infer expected scene graphs from target states
derived from the precondtion buffer. If the buffer is empty or if no
close match exists, the system calls a language model to verify and
reason whether the scene is valid and understand its discrepancies.
If confirmed valid, the new configuration is added to the buffer,
expanding coverage for future comparisons. These references do
not necessarily come from the same overall task, but rather capture
valid configurations of the same subtask across different contexts.
For example, “pick up mug” may appear in tasks with different
goals yet share similar object arrangements.

This strategy enables the robot to adapt to a variety of valid but
visually distinct task configurations observed across demonstra-
tions. Through this adaptive process, the robot not only anticipates
failures under unseen conditions but also continually enriches its
buffer with diverse, validated scenes. As the buffer grows, coverage
broadens, reliance on external reasoning decreases, and robustness
across heterogeneous environments improves.

3D Scene Graph Construction.We construct a visually grounded,
task-informed 3D scene graph from the robot’s RGB-D observation,
capturing objects, their states, and spatial relationships relevant to
the current subtask. Inspired by REFLECT [21] and RoboEXP [15],

our method summarizes multimodal inputs into symbolic structures
for reasoning about object-action relations.

Instead of generating graphs at every frame, we build one at the
start of each subtask to assess whether the environment is suitable
for the action. Given an RGB-D image, an object detector identifies
bounding boxes and segmentations, and cropped object regions
are matched to possible states (e.g., “open,” “on,” “empty”) using
CLIP [24] similarity. The depth image projects the segmented view
into a 3D semantic point cloud for geometric reasoning, from which
pairwise object relations (e.g., on top of, inside, near) are derived.
The gripper state determines robot-object interactions (e.g., “held by
robot”). The resulting graph 𝐺𝑖 = (𝑉𝑖 , 𝐸𝑖 ) encodes objects, inferred
states, and spatial relations.

A subtask node representing 𝑎𝑖 is added as contextual metadata,
enabling reasoning about whether the current scene satisfies ex-
pected preconditions and ensuring that retrieved references are
compared within the correct action context, making buffer retrieval
and similarity checks both more precise and reliable.

Context-Aware Reference Retrieval. Given the full set of suc-
cessful demonstrations stored in the buffer, the system first filters
reference candidates by comparing subtask nodes. Demonstrations
containing the same subtask node as the current subtask 𝑎𝑖 are
selected as valid references for comparison. This step ensures that
only semantically relevant reference subtasks are selected. The cor-
responding trajectories from which these subtasks were drawn are
then used as reference examples for failure detection. To evaluate
the feasibility of executing 𝑎𝑖 , the robot compares𝐺𝑖 against each
of the selected reference graphs 𝐺1

𝑖 ,𝐺
2
𝑖 , . . . ,𝐺

𝑘
𝑖 using a structural

similarity metric.

Graph-Based Discrepancy Analysis for Failure Detection. To
assess whether the current environment satisfies the expected con-
ditions for subtask execution, we compare the observed scene graph
𝐺obs
𝑖 with the expected graph𝐺exp

𝑖
using a graph based discrepancy

analysis algorithm. Each graph consists of a set of object nodes,
their associated attributes (e.g., object states), and labeled edges
denoting spatial relationships.

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

𝑆node =
1

|Vexp ∪Vobs |
∑︁

(𝑣obs
𝑖

,𝑣
exp
𝑖
)

cos
(
𝑓 (𝑣obs𝑖 ), 𝑓 (𝑣

exp
𝑖
)
)

(1)

Edge similarity (𝑆edge) and structural similarity (𝑆struc) provide com-
plementary views of structural alignment between graphs. Specifi-
cally, 𝑆edge measures how well spatial or functional relationships
align by computing the ratio of correctly matched edges to the total
number of unique edges, while 𝑆struc assesses the consistency of
node connectivity by measuring differences in node degrees across
matched pairs. The two metrics are defined as:

𝑆edge =
| Ematched |
| Eexp ∪ Eobs |

, 𝑆struc = 1 − 1
𝑁

𝑁∑︁
𝑖=1

| deg(𝑣obs
𝑖
) − deg(𝑣exp

𝑖
) |

𝐷
(2)

We compute a graph similarity score 𝑆 by averaging the three
normalized components:

𝑆 = avg(𝑆node, 𝑆edge, 𝑆struc) (3)
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Table 1: Comparison of Success Rate (SR in %) and Task Execution Time (TET in sec).

Method Type Buffer RoboFail Preemptive RoboFail Post-action RoboFail Custom Dataset

SR ↑ TET ↓ SR ↑ TET ↓ SR ↑ TET ↓ SR ↑ TET ↓
Baseline (w/o Replanning) No Replanning ✗ 0% 82.75 0% 86.46 0% 83.94 0% 108.53

REFLECT [21] Offline Replanning after entire task execution ✗ 66.17% 146.33 56.25% 134.23 63.99% 142.45 58.67% 195.34

REFLECT-online Online Replanning after failure detected ✗ 69.11% 130.67 65.14% 124.46 67.83% 130.03 66.67% 168.82

VLM (GPT-4o) Proactive Replanning ✗ 48.53% 151.55 43.00% 183.41 46.76% 161.74 50.00% 210.32
+ Image Similarity ✓ 1.47% 188.23 3.13% 167.31 2.00% 181.53 3.33% 247.45
+ Image Captioning ✓ 54.41% 135.25 46.87% 146.23 51.99% 138.76 52.00% 196.41
+ Object Detection ✓ 45.59% 154.55 43.00% 163.67 43.76% 157.47 44.66% 212.43

VLM (Gemini 2.0 Flash) Proactive Replanning ✗ 44.12% 147.55 46.87% 188.41 44.99% 160.63 46.00% 204.56
+ Image Similarity ✓ 4.41% 182.45 3.13% 175.32 4.00% 180.17 2.00% 219.34
+ Image Captioning ✓ 52.94% 134.21 34.34% 155.23 46.99% 140.94 47.33% 217.32
+ Object Detection ✓ 44.12% 151.53 46.88% 182.87 45.00% 161.56 43.33% 213.15

Ours Proactive Replanning ✓ 73.53% 104.82 71.87% 128.66 71.99% 111.10 78.67% 142.85

When the similarity scores 𝑆1, 𝑆2, . . . , 𝑆𝑛 between the current
scene graph 𝐺𝑖 and expected scene graphs {𝐺1

𝑖 ,𝐺
2
𝑖 , . . . ,𝐺

𝑛
𝑖 } fall

below a predefined threshold (i.e., 𝑆 𝑗 < 0.9), the system infers that
the current subtask is unlikely to succeed and proactively triggers
replanning.

Reasoning Based Replanning. Following the detection of a po-
tential failure, our framework decomposes the replanning process
into twomodular components: a verification-and-reasoningmodule
and a replanning module, enabling the robot to proactively adjust
its plan before executing a subtask that may otherwise result in
failure, as illustrated in Figure 3.

The verification-and-reasoning module is triggered if no similar
reference exists or the buffer is empty. Natural language descrip-
tions of the observed and expected scene graphs, along with the
task goal and current subtask context, are passed to a language
model (e.g., GPT-4o). Acting as a verifier, the model determines
whether the current scene can still be considered valid for execut-
ing 𝑎𝑖 . If valid, it also provides reasoning to justify this decision,
and the scene is stored in the buffer as a new reference. If invalid,
the model explains the cause of the mismatch and specifies what
changes are needed to proceed. These outputs are then passed to
the replanning module,which is subsequently invoked to generate
recovery plans. This component takes as input the robot’s current
state, the list of available high-level actions, the observable objects
in the scene, and the reasoning-informed constraints or suggestions.
The replanning model uses this information to generate a revised
action sequence that corrects the issue and restores progress toward
the task goal. The new plan is then executed online, enabling the
robot to dynamically recover from unexpected deviations.

4 EXPERIMENTS
We evaluate the effectiveness of our graph-based proactive replan-
ning framework through extensive experiments, aiming to investi-
gate the following key questions.
(1) How effective is our approach compared to reactive and non-

reactive baselines in improving task success rates and reducing
total execution time? (Table 1)

(2) Does incrementally scaling the buffer over time affect the
system’s dependence on expensive LLM queries? (Figure 6)

(3) How well does our method detect potential precondition vio-
lations and reason about possible failures? (Figure 7)

(4) How does the framework perform in real-world scenarios
across different robotic platforms? (Table 2, Figure 8)

(5) What is the contribution of subtask conditioning and graph
structure according to the ablation analysis? (Table 3)

Effects of Scene Graph Based Proactive Replanning. In this
section, we examine the effects of our graph-based proactive re-
planning approach by evaluating it on four distinct datasets. We
first turn to the RoboFail dataset [21], a benchmark of 100 fail-
ure scenarios spanning diverse long-horizon tasks. Since RoboFail
includes audio data, we exclude this modality and rely solely on vi-
sual information, ensuring that all methods reason under the same
perceptual conditions. Within RoboFail, we consider two comple-
mentary subsets: (i)RoboFail Preemptive, which accounts for 68%
of the dataset and focuses on failures that can be detected before
execution (e.g., attempting to turn on a microwave before closing
its door), and (ii) RoboFail Post-Action, which covers the remain-
ing 32% and captures failures recognized only after execution (e.g.,
dropping or misplacing an object). The overall RoboFail results re-
ported in Table 1represent the weighted combination of these two
subsets. Additionally, we introduce a custom Proactive Failure
Dataset consisting of 150 manually curated failure cases across
30 distinct kitchen environments designed to evaluate early-stage
failure detection and proactive reasoning.

As baselines, we first consider a no-replanning scenario, where
the robot follows the initial task plan without adjustment. We then
compare against REFLECT, which uses a scene graph–based hi-
erarchical summary of the robot’s actions and replans only after
the entire task is completed. In addition, we implement a real-time
variant, REFLECT Online, which performs verification after each
subtask rather than waiting until the end. Our method extends this
further by proactively validating the environment before each sub-
task begins, enabling it to anticipate and resolve issues in advance,
as illustrated in Figure. 4.

To comprehensively assess their capabilities under proactive
settings, we evaluate both direct VLM-based detection and three
complementary alternatives that also perform pre-execution checks
(Figure 5): (i) image-level comparison via CLIP embedding similarity
between current and reference RGB images, (ii) caption-based com-
parison using VLM-generated scene descriptions, and (iii) object-
level matching based on detected object counts. In these setups,
the VLM serves as the reasoning module, while auxiliary methods
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(Pick up, Lettuce)

(place, LettuceSliced, Bowl)

…  (Pick up, Knife) , 
(Slice, Lettuce) , …

End

... (pickup, Bowl), 
(place, Bowl, 
Countertop) ….

….

Proactive Replanning
REFLECT-online
REFLECT (Post-Hoc)
No Replanning

FAILURE OCCURRED: The robot placed the lettuce in a bowl filled 
with wine, despite there being no intention to combine these items. 

Replanning before failure occurred.
Replanning after failure detected.

Replanning after failure detected.

TASK FAILED

Task :Make Salad

(place, LettuceSliced, Bowl)

(place, LettuceSliced, Bowl) (place, Bowl, Countertop)BEFORE AFTER

No replanning triggered

Start EndTask: Make Salad

Proactive Replanning

Reflect-online

Reflect(Post Hoc)

No Replanning

Replanning before failure occurs

Replanning after failure occurs
Replanning after 
Task  Execution 

FAILURE OCCURED: The robot placed the lettuce in a  bowl filled 
with wine, despite there being no intention to combine these two items

X

Figure 4: Task execution timelines in a failure-prone “Make Salad” task. The robot must place sliced lettuce into a bowl already
filled with wine. Our proactive replanning anticipates and corrects the failure before execution, while REFLECT-online reacts
after it occurs, REFLECT (Post-Hoc) replans post-task, and the no-replanning baseline takes no action.
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Figure 5: Illustration of four approaches for subtask failure
detection: (1) Image Captioning: comparing CLIP text embed-
dings of generated captions;(2) Image Similarity: CLIP-based
similarity between current and expected RGB images; (3) Ob-
ject Detection : comparing object counts between scenes; (4)
Scene Graph (Ours): graph-based discrepancy analysis using
structured scene representations.

provide structured validation signals through a growing buffer of
verified reference scenes.

We employ GPT-4o as the reasoning model in our framework,
except for the Gemini 2.0 Flash baseline, where reasoning is per-
formed by the VLM. For methods incorporating a precondition
buffer, we set the similarity threshold to 85%, initialize the buffer as
empty, and progressively update it with validated reference scenes
during execution.

As shown in Table 1, our graph-based proactive approach con-
sistently outperforms most baselines in both success rate and exe-
cution efficiency. Early validation of subtask preconditions allows
the agent to bypass unnecessary recovery steps and execute tasks
more efficiently. Although our method is designed to detect fail-
ures preemptively, high performance on the Post-Action subset
shows that it also effectively identifies failures after they occur,
often catching them at the beginning of the next subtask. This
demonstrates the framework’s adaptability and robustness across
varied task complexities.

Leveraging Buffer Growth to Minimize Reasoning Costs. We
evaluate how buffer accumulation enhances scalability and reduces

Buffer No Buffer

Figure 6: Comparison of LLM call reduction between buffer-
based and no buffer methods .The methods start similarly
for the first few tasks. Methods with no buffer flatten, while
buffer-based methods diverge(even at smaller rates) earlier
with fewer calls thereafter.

reliance on large language model (LLM) reasoning using our Proac-
tive Failure Dataset, which includes 150 failure scenarios across
diverse kitchen setups. As shown in Figure 6, our framework pro-
gressively lowers LLM invocations over time, as validated subtask
preconditions stored in the buffer no longer trigger redundant rea-
soning for valid preconditions.

Compared to methods that repeatedly invoke VLMs for both fail-
ure detection and reasoning without a buffer, our approach requires
fewer reasoning calls as experience grows.While other buffer-based
baselines also exhibit gradual improvement, their reduction rate is
slower and overall reasoning costs remain higher, primarily because
less accurate detection methods trigger unnecessary verification
even under satisfied preconditions. By contrast, our graph-based
discrepancy analysis enables higher detection, minimizing costly
LLM calls and demonstrating strong scalability as the buffer ex-
pands.

Analysis of Potential Failure Detection. We empirically com-
pare our scene graph-based method against three alternatives:
image-level, caption-based, and object-level comparison to validate
its effectiveness. Each method receives the same RGB-D observa-
tion at the beginning of a subtask and assesses whether the current
scene aligns well with the expected conditions derived from refer-
ence trajectories. If no expected configuration yields a similarity
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Table 2: Comparison of failure detection and reasoning performance between graph-based and VLM-based methods on the
real-world RoboFail dataset.

Candidate FDR ↑
w/o Obj. Ctx.

FDR ↑
w/ Obj. Ctx. LCS ↑ ROUGE-L↑ Cosine

Similarity ↑
LLM Fuzzy

Match Score ↑
GPT-4o (Image Input) 0.57 0.80 11.25 0.314 0.581 0.892

Gemini 2.0 Flash (Image Input) 0.67 0.73 15.00 0.275 0.505 0.752

GPT-4o (Scene Graph Input) 0.77 0.83 20.25 0.428 0.752 0.962

Gemini 2.0 Flash (Scene Graph Input) 0.83 0.80 20.25 0.383 0.629 0.955

Task: 
Boil Water

(a) Overview of Potential Failure Detection Approaches (b) Comparison of Performance
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Figure 7: (a) Comparison of failure detection and task success rates across different approaches. (b) Human evaluation study
comparing our scene graph-based failure detection explanations against three baselines: object detection, image captioning,
and CLIP image similarity.

Table 3: Results of ablation studies.

Failure Detection Task Completion

Method FDR (%) ↑ Method SR (%) ↑
Ours 94.01 Ours 75.67
w/o Subtask Node 84.33 (9.68% ↓) w/o Reasoning 37.67 (38.00% ↓)
w/o Structural Matching 82.67 (11.34% ↓)
w/o Node Matching 74.67 (19.34% ↓)
w/o Edge Matching 70.33 (23.68% ↓)

score above the threshold, the method flags the scene as a potential
failure case.

We evaluate all methods on the full set of 100 failure scenarios
provided by the RoboFail dataset [21]. In this experiment, we vary
the similarity threshold values (90%, 85%, and 80%) and report the
average failure detection rates (FDR) and task success rates (SR).

The evaluation results in Figure 7(a) demonstrate that our scene
graph-based approach consistently achieves higher failure detec-
tion rates (FDR) and task success rates (SR) compared to all baseline
methods. In contrast, approaches relying solely on visual or seman-
tic cues, such as CLIP [24] embeddings or captioning, demonstrate
substantially lower performance, as they emphasize semantic ab-
straction without capturing relational structure. While the object
detection-based method provides object-level recognition, it lacks
the spatial reasoning necessary to evaluate the relational configu-
rations critical for subtask feasibility. These results highlight the
importance of leveraging structured visual input to enable explicit
symbolic and spatial reasoning for reliable proactive replanning.

Analysis of Anticipatory Failure Reasoning. Building on the
same experimental setup from the previous experiment, we further
evaluate how effectively each method explains the causes of de-
tected failures. We focus on episodes where all methods correctly

identified a failure and compare their ability to generate accurate
explanations. For each method, a large language model (GPT-4o) [1]
produces a natural language explanation: our approach prompts the
model with structured scene graph differences, while baselines use
raw image embeddings, generated captions, or detected object-level
features.

To assess explanation quality, we conduct a user study with
15 human evaluators. In each case, evaluators are provided with
the ground-truth failure cause and two candidate explanations
(one generated by our method and one by a baseline) along with
corresponding visual observations. Annotators are instructed to
compare the two explanations and select the one better aligned with
the ground-truth reasoning. If both explanations appear equally
valid, they may select both. As shown in Figure 7(b), our method
outperforms all baselines in explanation quality, highlighting the
importance of spatial reasoning for accurate failure understanding.

Comparison with VLM-Based Methods in Real-World Tasks.
While prior experiments were conducted in the AI2-THOR simula-
tor, a potential sim-to-real gap remains. To evaluate real-world ro-
bustness, we benchmark our proposed graph-based method against
strong vision-language model (VLM) baselines, including GPT-4o
and Gemini 2.0 Flash. Each model receives either raw images or
scene graph–based textual descriptions and determines whether
subtask preconditions are satisfied.

We evaluate on the RoboFail-Real dataset, which includes 30
real-world failure cases collected with a UR5e robot, across two
tasks: failure detection (checking subtask feasibility) and failure
reasoning (explaining causes). Each task is tested under two prompt
settings: (i) a naïve setup without object context and (ii) a contextual
setup with object lists. We report reasoning performance for the
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No, the conditions are not 
suitable. Based on 
Comparison, the current state 
of the environment shows that 
the drawer is already closed, 
while the expected condition 
for this subtask is for the 
drawer to be open replanning 
is required to adjust the task 
sequence … 

Table

Table

Drawer

Drawer 

Successful Demonstration  for “open drawer” 

subtask

Current Scene for “open drawer” subtask

Task: Navigate to drawer and open it

Successful Demonstration for “place doll on 

dark basket” subtask

Current Scene for “place doll on dark 

basket” subtask

Task: Pick up the doll from the light 
basket and place it on the dark 
basket

Table

Dark Basket

Light Basket

Kitten 
Doll

Inside

Table

Dark Basket

Light Basket

Kitten 
Doll

On top of

(Closed)

(opened)

No, the conditions are not 
suitable. The current scene 
shows the kitten doll still 
inside the light basket, 
whereas the goal requires it to 
be inside the robot gripper
…. Attempting to proceed 
without first grasping the doll 
would prevent successful task 
execution. Therefore, 
replanning is needed …..

Sim Score (0.44) < Threshold(0.85) : 
Replan!

Replanning Verification and 
Reasoning 

Manipulator Setup 

Quadruped Robot Setup 

Task: Boil Water, Current Subtask: Pick up Bowl
Goal State: A pot is filled with water, The pot is on top of 
a stove burner that is turned on.

GT: No, the conditions are not suitable. The first 
stove burner is already occupied, preventing the 
robot from using it. As a result, the setup hinders 
achieving the goal state. 

Gemini(Scene Graph Input): no, the conditions are 
not suitable …  the environment hinders the 
achievement of the goal state because 
`stoveburner_1`, where the pot is planned to be 
placed, is currently occupied by a `kettle`. This 
means the plan cannot be completed as written to 
reach the goal, necessitating replanning for the 
overall task. ….

Gemini (Image Input): yes, the conditions are 
suitable. The pot is visible and accessible on the 
counter to the left of the sink, allowing the robot 
to execute the "pick up pot" subtask. The 
environment also contains a sink for filling the pot 
with water and a stove with burners to place it on, 
indicating no hindrance to the overall goal state. 

(a) Real World RoboFail Dataset Experiments (b) Real World Manipulator and Quadruped Robot Experiments

On Top Of

On Top Of

Left of

On Top Of

On Top Of

Left of

Empty

Sim Score (0.67) < Threshold(0.85) : 
Replan!

Replanning Verification and 
Reasoning 

Figure 8: (a) Comparison of verification and reasoning processes between VLMs using scene graph and image inputs on the
RoboFail-Real dataset. (b) Real-world experiments conducted on a UR5e manipulator and Ghost Robotics Vision 60 robot,
illustrating task execution and failure reasoning within their respective environments

contextual setup. Evaluation uses five complementary metrics [8]:
FDR for detection accuracy; LCS and ROUGE-L for textual overlap;
Cosine Similarity for semantic closeness; and LLM Fuzzy Matching
(using Claude-4.5 Sonnet) for teacher–student semantic alignment.

As shown in Table 2, VLMs perform reasonably well in detect-
ing valid preconditions, but the graph-based approach achieves
comparable accuracy with far more consistent reasoning. Across
LCS, ROUGE-L, Cosine Similarity, and LLM Fuzzy Matching, scene
graph inputs consistently yield stronger reasoning performance,
demonstrating that explicit structural representations provide a
more robust basis for explaining failures in real-world settings.

Real-World Experiments. To further validate real-world applica-
bility, we conduct physical experiments using two distinct robotic
embodiments: a UR5e manipulator and a Ghost Robotics Vision 60.
Across five real-world tasks, our scene graph–based method consis-
tently detects and explains failures with high accuracy, demonstrat-
ing that structural reasoning remains effective beyond simulation.
As illustrated in Figure 8(b), the experiments showcase two repre-
sentative setups—one with their corresponding similarity scores
and reasoning outputs.

Ablation Studies.We perform ablation studies to assess the contri-
bution of each component in the scene graph comparison process.
As shown in Table 3 (left), removing the subtask node moderately
reduces detection accuracy, underscoring the importance of task
context. Excluding node or edge matching causes larger drops,
confirming that both object identity and relational structure are
essential for accurate failure detection. The full model attains the
highest detection rate of 94.01%. As shown in Table 3 (right), remov-
ing the reasoning module drastically lowers the task success rate
from 75.67% to 37.67%, highlighting its critical role in interpreting

failures and generating context-aware recovery plans. Without it,
the system reverts to uninformed replanning that fails to address
underlying causes.

5 CONCLUSION
We propose a novel proactive replanning framework that detects
and mitigates potential failures before they occur through struc-
tured visual understanding. By leveraging scene graph compar-
isons between the current observation and reference trajectories
extracted from successful experiences, our method enables pre-
execution detection with online replanning. Additionally, by lever-
aging an incrementally expanding buffer, the system effectively
reduces dependence on costly reasoning calls while maintaining
robust performance across diverse tasks. Experimental results on
simulated and real world benchmark demonstrate that our approach
outperforms baselines. Overall, we suggest that proactive, struc-
tured replanning offers a promising path forward for enabling safe
and adaptive robot behavior in complex environments.
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