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Abstract. Vision-Language Models (VLMs) empower embodied agents
to execute complex instructions, yet they remain vulnerable to contex-
tual safety risks where benign commands become hazardous due to subtle
environmental states. Existing safeguards often prove inadequate. Rule-
based methods lack scalability in object-dense scenes, whereas model-
based approaches relying on prompt engineering suffer from unfocused
perception, resulting in missed risks or hallucinations. To address this,
we propose an architecture-agnostic safeguard featuring Context-Guided
Chain-of-Thought (CG-CoT). This mechanism decomposes risk assess-
ment into active perception that sequentially anchors attention to inter-
action targets and relevant spatial neighborhoods, followed by semantic
judgment based on this visual evidence. We support this approach with
a curated grounding dataset and a two-stage training strategy utilizing
Reinforcement Fine-Tuning (RFT) with process rewards to enforce pre-
cise intermediate grounding. Experiments demonstrate that our model
significantly enhances safety, improving risk match rates by over 30%
compared to base models while reducing oversafety. Beyond hazard de-
tection, the generated visual anchors serve as actionable spatial con-
straints for downstream planners, facilitating explicit collision avoidance
and safety trajectory generation.

Keywords: Embodied Safeguard · Contextual Risk Identification

1 Introduction

Driven by the exceptional performance in visual perception and logical reasoning,
Vision-Language Models (VLMs) [1,5,7,42] are increasingly adopted as the cen-
tral decision-makers for embodied agents, translating high-level instructions into
⋆ Equal contribution. † Corresponding author.
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Instruction: Heat the beef steak in front of the oven using the microwave
Safety Principle: Material Safety (Microwave/Oven): Ensure only suitable materials (non-metal, non-flammable, …) are placed inside devices.

Active Perception

Variant 2: Heat the 
McDonald's takeout…
[takeout bag][…] 
[papery, flammable]
heating food together 
with paper bag may 
cause fire hazard

[lunch box][…][plastic]
plastic lunch box will 
melts and produces 
toxic substance

Variant 1: Heat the 
tomato spaghetti …

Safe Pair: Heat a bowl 
of rice …
[a bowl with rice][…] 
[ceramic], ceramic 
bowl is microwave-safe. 
Heating food with it 
causes no safety risk

Based on the instruction, the target 
objects are [microwave][451, 96, 668, 
222][] showing no signs of damage and 
[plate containing beef steak] [166, 464, 
540, 560][ceramic] whose material is 
microwave-safe.

The microwave is not covered by any 
flammable materials, … no safety risk. 
However, there is a [knife and fork] 
[417, 475, 492, 547][metal] inside bowl. 

The safety hazard is that the knife and fork 
could cause electrical arcing and generate 
sparks that damage the microwave's interior, 
or start a fire, violating Material Safety.

Interaction Targets

Semantic Risk Judgement

Spatial Neighborhoods

Functional Connections
The power cord connecting the micro-
wave shows no signs of damage. 

Visual Anchors

Fig. 1: Identifying implicit contextual risks via Context-Guided Chain-of-Thought.

step-by-step executable plans. Despite this promise, empirical evidence [2,31,60]
reveals critical safety concerns that fundamentally hinder their real-world de-
ployment, particularly in safety-critical household environments.

Within these settings, embodied safety risks manifest in two distinct forms:
explicit malicious instructions, which are intentionally destructive and relatively
straightforward to identify [25,51,55], and implicit contextual risks, which remain
significantly more challenging [29, 39]. Contextual risks occur when ostensibly
benign instructions become dangerous due to subtle environmental states [32,34].
For instance, as shown in Fig. 1, the instruction “heat food in the microwave”
becomes hazardous only when the container is metal rather than ceramic. Such
vulnerabilities pose severe threats in human-centric environments, where a single
oversight can result in irreversible physical harm [9,24]. Thus, establishing robust
safety mechanisms for embodied agents is an urgent priority.

A fundamental challenge lies in the heterogeneous landscape of embodied
agents, ranging from robotic arms to mobile manipulators, each with distinct
action spaces and perception modalities. To avoid such heterogeneous landscape,
we advocate for an architecture-agnostic, plug-and-play safeguard capable
of universally monitoring and intercepting unsafe actions. Existing approaches
primarily employ rule-based systems [45,46,48,53] that extract textual object de-
scriptions and apply predefined predicate logic (e.g ., constraint checking). How-
ever, when facing intricate action-object interactions in object-dense scenes, such
methods face a combinatorial explosion of contextual risks, making fine-grained
object extraction and exhaustive manual predicate engineering impractical. Al-
ternatively, model-based safeguards leverage VLMs as end-to-end safety checkers
without explicit symbolic abstraction, offering greater flexibility. Yet, despite
possessing extensive safety knowledge, VLMs struggle to physically ground this
knowledge to task-relevant visual details in cluttered scenes. In object-dense en-
vironments, irrelevant objects act as perceptual noise, causing models to either
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overlook subtle risk cues [34] (e.g ., metal cutlery on a plate) or hallucinate dan-
gers based on coarse object presence alone [55] (e.g ., flagging any microwave as
hazardous regardless of contents).

We attribute the grounding failures in model-based safeguards to unfocused
perception rather than insufficient reasoning capabilities. VLMs lack explicit
visual guidance to identify which objects are relevant to potential risks in a
cluttered scene. Crucially, we find that equipping VLMs with visual anchors,
specifically, bounding boxes highlighting interaction targets and background ob-
jects that potentially interfere with the task execution, significantly enhances
safety awareness by directing attention to risk-critical regions. Motivated by
this, we propose Context-Guided Chain-of-Thought (CG-CoT), which de-
composes risk identification into two stages shown as Fig. 1: (1) active percep-
tion, which sequentially examines prioritized regions (interaction targets, spa-
tial neighborhoods, and functional connections), and (2) semantic risk judgment
grounded in this visual evidence. To enable this reasoning without human inter-
vention during deployment, we curate HomeSafe, a dataset tailored for visually
grounding hazardous contexts in diverse embodied environments. Furthermore,
we design a two-stage training strategy: Supervised Fine-Tuning (SFT) first
instills the CG-CoT structure, followed by Reinforcement Fine-Tuning (RFT).
Notably, the RFT stage leverages process reward functions to explicitly supervise
intermediate grounding steps, thereby enforcing precise active perception.

Comprehensive experiments demonstrate that HomeGuard achieves precise
risk identification, improving the risk prediction accuracy by 30.58% and 41.7%
over the 4B and 8B base models, respectively. With enhanced active perception
to prioritize hazard regions, HomeGuard effectively mitigates hallucinations and
reduces the oversafety rate by 7.35% and 19.48%. Crucially, these capabilities
exhibit robust generalization on external safety-awareness benchmarks, where
HomeGuard delivers performance comparable to leading proprietary models in
unseen scenarios. To validate its practical utility, we integrate HomeGuard into
VLM planners. Leveraging explicit visual cues, it yields a 16.11% improvement
on the IS-Bench safe success rate. Beyond semantic hazard grounding, the gen-
erated bounding boxes serve as actionable spatial waypoints, enabling low-level
collision avoidance and safe trajectory generation. With context-guided reason-
ing framework and meticulously curated dataset, we envision that HomeGuard
will pave the way for safer real-world deployment of embodied AI.

2 Related Work

2.1 VLM-driven Embodied Agents

The integration of vision-language models (VLMs) [63, 64] has significantly ad-
vanced embodied agents, shifting from text-only Large language models (LLMs)-
based high-level planning to systems capable of processing rich visual inputs for
more grounded decision-making. Initial efforts relied on LLMs as zero-shot plan-
ners to decompose tasks and generate actions in embodied settings, achieving
strong generalization to novel tasks in changing environments [14, 33, 35, 54].
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Along with advancements in multimodal models, VLM-driven embodied agents
can directly incorporate visual observations into planning and execution [5,18,26,
50]. Recent progress has further enhanced these capabilities through specialized
training and architectural innovations. ERA [3] employs a two-stage approach
that combines prior embodied learning with online reinforcement learning, en-
abling smaller VLMs to excel in high-level and low-level tasks with improved
stability and generalization. [28] introduces native low-level action spaces and
fine-grained skill benchmarks to reveal foundational limitations in current VLMs
for embodied intelligence. spatial reasoning capabilities essential for embodied
agents have also advanced, with geometrically-constrained agents [4, 11] and
3D thinking mechanisms [61] improving grounded spatial understanding and
decision-making in complex environments. Despite these performance gains, en-
suring safety and dependability remains a major open issue, particularly against
risky or adversarial instructions in unpredictable, real-world settings.

2.2 Safety Evaluation and Alignment of Embodied Agents

The safety evaluation and alignment of embodied agents have advanced signifi-
cantly with the integration of LLMs and VLMs into robotic systems. For safety
evaluation, early benchmarks focused on foundational aspects of risk awareness
and constraint adherence. EARBench [67] focuses on physical hazard recogni-
tion in planning, SafeAgentBench [55] quantifies hazard rejection and execution
harms in household simulations, and MSSBench [65] examines multimodal con-
straints. Recent developments emphasize more holistic, multi-stage, and proac-
tive assessments that better capture real-world complexities [8,24,32,34,37,57].
For example, AGENTSAFE [57] uses adversarial sandboxes and multi-level di-
agnostics on hazardous instructions. IS-Bench [24] extends this by targeting
interactive safety in dynamic, realistic household tasks, highlighting ongoing
agent-environment interactions. For safety alignment, preference optimization
techniques, such as direct preference optimization (DPO) and variants of rein-
forcement learning from human feedback (RLHF), have been adapted to embod-
ied agents to refine grounded reasoning and action selection using curated safety
preferences [15,47]. Constrained learning approaches treat safety as explicit con-
straints in Markov decision processes, applying safe reinforcement learning to
reduce violations while maintaining task performance and generalization [59].
In autonomous driving, similar strategies appear where alignment integrates se-
mantic safety knowledge or decouples rewards from violation costs to improve
hazard awareness, reduce collisions, and enhance interpretability [10,20]. Overall,
these training-stage methods foster intrinsic safety alignment, mitigating trade-
offs between capability, generalization, and harmlessness with less dependence
on post-hoc interventions.

2.3 Safety Guardrails for Embodied Agents

While general LLM and VLM agent safety guardrails have become compara-
tively mature in recent years [6, 49, 62, 66], there is growing recognition that
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embodied agents within open-ended environments require specialized runtime
safety guardrails, for unsafe embodied behaviors can directly cause physical
harm, property damage, or real-world accidents [44, 46]. Prompt-based strate-
gies ThinkSafe [56] intercept and evaluate the potential harm of agent action in
real-time, and Poex [25] seeks to internalize safety by integrating explicit con-
straints and plan-validation steps directly into the agent’s instructional prompts.
To bridge the gap between heuristic safety and formal reliability, AgentSpec [45]
introduced a Domain-Specific Language (DSL) designed to provide formal guar-
antees for risk validation across diverse agent operations. Despite these advances,
traditional runtime safety systems rely heavily on rule-based and symbolic meth-
ods. While effective in controlled settings, they struggle in noisy, object-dense
real-world environments due to unreliable descriptions, combinatorial complexity
of interactions, and the impracticality of manual predicate engineering, under-
scoring the need for the VLM-based guardrails proposed in this work.

3 Method

3.1 Context-Guided Chain-of-Thought

VLMs struggle to identify risk-critical regions in cluttered visual scenes, lead-
ing to either missed hazards or hallucinated risks. To address this, we pro-
pose Context-Guided Chain-of-Thought (CG-CoT), a structured reason-
ing protocol that enforces explicit visual grounding before semantic judgment.
Rather than allowing the model to perform holistic reasoning, CG-CoT decom-
poses risk assessment into a sequential examination of prioritized visual anchors,
ensuring that safety decisions are traceable to specific perceptual evidence.
Problem Formulation. Formally, given a household scene image I and a
textual instruction L, an embodied safeguard is formulated as a mapping G :
(I,L) 7→ (s, T ). Here, s ∈ {0, 1} denotes the binary safety status (safe vs.
unsafe), and the T provides a textual explanation detailing the hazard cause
and violated safety principles. However, this monolithic formulation lacks explicit
visual grounding, forcing the model to implicitly determine risk-critical regions.
Reasoning with Visual Anchors. The proposed CG-CoT addresses this
by introducing visual anchors as mandatory intermediate representations. We
reformulate the safeguard as a decomposition that explicitly separates perception
from judgment:

(btarget,bconstraint) = Gground(I,L), (s, T ) = Gjudge(I,L,btarget,bconstraint),
(1)

where btarget denotes bounding boxes for interaction targets explicitly designated
for manipulation in L, while bconstraint indicates bounding boxes for background
objects that impose safety constraints on the execution of L. Although not in-
tended for manipulation, these constraint areas introduce hazards and interfere
with the safe completion of the task.

In this formulation, Gground corresponds to active perception for identifying
risk-critical regions before reasoning, while Gjudge performs semantic risk assess-
ment conditioned explicitly on these visual anchors. This architectural constraint
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ensures that safety decisions are traceable to specific perceptual evidence rather
than derived from unfocused holistic scene understanding.
Reasoning Structure. Built upon the vision anchors, we enforce a hierarchical
reasoning chain enclosed within <think> ... </think> tags, followed by a con-
cise final judgment. As illustrated in Fig. 2, it consists of 4 sequential steps: (1)
Instruction Intent Screening: The model first performs lightweight semantic
analysis to detect inherently malicious motives within L (e.g ., destructive com-
mands like “shatter the window”). If explicit malice is detected, the chain termi-
nates early. (2) Interaction Targets Inspection: To anchor the instruction in
visual space, the model identifies and localizes interaction targets. This step out-
puts structured tuples [target_area][description][btarget][state], where
btarget ∈ R4 denotes the bounding box coordinates (xmin, ymin, xmax, ymax). The
state describes the visual characteristics of objects that are directly relevant
to the safety risk, including material, temperature, or spatial position. More de-
tails about state are listed in Appendix C. (3) Environmental Constraints
Analysis: The model identifies implicit contextual risks arising from spatial
relationships (e.g ., proximity of flammables to heat sources) or functional de-
pendencies (e.g ., damaged wiring of lamp). It specifically evaluates intrinsic
physical properties (e.g ., fragility), spatial configurations (e.g ., precarious place-
ment), and active states (e.g ., electrification), explicitly localizing these hazards
via [constraint_area][description][bconstraint][state]. (4) Integrated
Risk Assessment: By synthesizing the semantic intent with the visual evidence
gathered in steps 2-3, the model performs reasoning to determine the final safety
status s. Following this deliberation, the model generates the final structured
output: if the scenario is judged safe, it returns [safety_hazard][“no safety
hazard”]. Otherwise, it produces [safety_hazard][description] along with
the specific [safety_principle][description].

3.2 Training Strategy

As demonstrated in Fig. 2, we propose a two-stage training paradigm. First,
we employ supervised fine-tuning (SFT) to instill the safety principles and
structured 4-step reasoning structures. Subsequently, reinforcement fine-tuning
(RFT) is applied to further enhance the capability for deliberate reasoning in-
tegrated with scene context, utilizing process reward functions that explicitly
supervise intermediate visual details.
Supervised Fine-tuning. The primary objective of the SFT stage is to inter-
nalize these fundamental safety principles into the base model while cultivating
a structured reasoning pattern. To implement this efficiently while preserving
general capabilities, we employ Low-Rank Adaptation (LoRA) [13]. The training
dataset is a mixture of curated multi-step reasoning traces with hazard grounding
annotations (see Sec.3.3) and general instruction-following datasets [16, 21, 52],
ensuring HomeGuard effectively aligns its visual perception with logical safety
judgments without catastrophic forgetting.
Reinforcement Fine-tuning. After SFT training, we apply Group Relative
Policy Optimization (GRPO) [22] to further improve hazard grounding capabil-
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 S t a g e 1 :  S F T
Place the bottle to 
the left of the 
toaster inside the 
opening cabinet.

VLMs

Answer

<think>
Step 1 Instruction Intent: …
Step 2 Target Area: …
Step 3 Constraint Area: …
Step 4 Risk Assessment: …
</think> 
Conclusion:[safety_hazard][...], 
violating [safety_principle][...]

Input
 RGB

Task 

Reasoning Process
The instruction 

describes a 
routine household 
task of organizing 

or storing a 
container, which 
on the surface 
appears to be a 

common daily 
activity with no 

inherent 
destructive intent 

or malicious 
motive....

There were lots of bottles 
and jars around the empty 

spot, which looked like spices
[constraint_area][soy sauce]
[472, 68, 513, 192][edible]

Placing a highly toxic 
rodenticide in a 

cabinet alongside 
spices and food 
items creates a 

severe risk of lethal 
ingestion, chemical 

cross-contamination, 
and accidental 

poisoning.], violating 
the principle that 

food and toxic 
chemicals should be 
stored separately.

Output Format: 
<think>...[target_area]
[object_name][x1, y1, 
x2, y2][object_state]
...[constraint_area][obje
ct_name][x1, y1, x2, y2]
[object_state]...</think> 
[safety_hazard][...], 
violating 
[safety_principle][...]

VLMs

Step 1 Instruction 
Intent Screening 

...place in the cabinet... 
check the empty space...

[target_area][empty spot of 
the cabinet][367, 29, 470, 

189][empty]

Place the bottle
to the left of the 
toaster inside the 
opening cabinet.

Stage 2: RFT

Step 2 Interaction 
Target Inspection

Step 3 Environmental 
Constraints Analysis

Step 4 Integrated 
Risk Assessment 

The bottle is labeled “mouse 
proof” and has a warning 

label “danger poison.” 
[target_area][poison bottle]
[157, 336, 271, 571][toxic]

Fig. 2: The two-stage training pipeline and a visualization of the sequential reasoning
process for detecting risk identification in household tasks.

ity and generalize in real-world applications. We design both outcome reward
for final safety judgement and process reward for intermediate reasoning chain.

For outcome reward, we define 4 objective metrics to guarantee the reliabil-
ity of the final safety conclusion: (1) Format Compliance (Rfmt): A rule-based
penalty ensures structural integrity. It requires the reasoning trace to be strictly
encapsulated within <think>... </think> tags and the final answer to adhere
to the [safety_hazard][description] format. (2) Safety Accuracy (Rsafe):
A binary reward assessing the correctness of the decision. It returns 1 if the
predicted safety status s matches the ground truth (GT), and 0 otherwise. (3)
Semantic Consistency (Rsem): To ensure the generated hazard description T is
semantically precise, we calculate the cosine similarity between the predicted and
GT text embeddings using a pre-trained sentence transformer (all-MiniLM-L6-
v2). (4) Principle Alignment (Rprin): Given the inherent ambiguity of embedding
metrics, we design Rprin as a discrete check to enforce clear boundaries between
hazard categories. This reward verifies whether the model identifies correct safety
principle ID, ensuring alignment with GT safety taxonomy.

For process reward, we introduce rewards Grounding Precision (RIoU)
targeting the intermediate inspection steps: We decompose grounding evaluation
into two components: Rtarget

IoU for the interaction target btarget and Rconstraint
IoU for

constraint regions bconstraint. We extract the predicted bounding boxes from the
reasoning chain and calculate the Intersection over Union (IoU) against ground-
truth annotations. This explicitly incentivizes the model to verify visual evidence
before forming a conclusion. Notably, we do not impose a separate formatting
reward for the intermediate reasoning steps. Instead, RIoU serves as an implicit
constraint, as any deviation from the required bounding box format yields a
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Scene Image

Safety Principle

Planner

Editing Plan

Edited Image

distortion, 
float, …

unsafe

safe

hazard 
mismatch

Action 
Instruction

unsafe safe

add safe target obj

add unsafe target obj
or constraint obj

Editor

Scene Image

Editing Plan

Edited 
Image

Filtered 
Image

Annotator

unsafe

safe

Filtered 
Image

unsafe

safe

Human 
Check

2d bounding box

2. Image Editing

(a) Data Collection Pipeline
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filter
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object sate

3. Quality Filtration
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(b) Data Distribution

Fig. 3: (a) The four-stage data collection pipeline for generating the HomeSafe dataset.
(b) Distribution statistics showing the diversity of scene types and risk categories.

zero score. Furthermore, given the semantic diversity of intermediate state de-
scriptions, we restrict process supervision exclusively to spatial grounding rather
than textual matching.

For each input, we sample a group of N outputs {o1, . . . , oN}. The total
reward ri for the i-th output is formulated as:

ri = Rfmt + λ1Rsafe + λ2Rsem + λ3Rprin + γ
(
Rtarget

IoU +Rconstraint
IoU

)
(2)

where λ and γ are coefficients balancing semantic logic and spatial precision.
Following GRPO, we normalize the rewards group-wise to compute the advan-
tage Ai = (ri − mean({rj}))/std({rj}), effectively reinforcing trajectories that
simultaneously achieve accurate risk identification and precise visual grounding.

3.3 HomeSafe Dataset

Overview. HomeSafe is the first dataset designed to bridge abstract safety
knowledge with physical visual grounding. Built upon two real-world indoor
scene datasets, CA-1M [19] and SUNRGBD [36], HomeSafe comprises 10,257 un-
safe scenarios and 5,710 safe scenarios. It is characterized by three key features:
(1) Fine-Grained Grounding Annotations: To enable visual grounded reasoning,
we provide precise bounding box annotations that explicitly distinguish between
interaction targets and hazardous environmental constraints. (2) Rich Diversity:
The dataset covers comprehensive risk taxonomies and diverse scenes shown as
Fig. 3 (b). (3) Counterfactual Safe Pairs: To mitigate over-safety and hallucina-
tion, we construct contrastive “safe pairs” for unsafe scenarios by altering visual
hazard factors while retaining the original instruction.
Safety Principle. To establish a robust foundation for embodied safety, we syn-
thesized a taxonomy of 33 distinct safety principles spanning 7 high-level hazard
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categories (detailed in Appendix A). These principles are derived from estab-
lished international standards (e.g ., OSHA, HSE [12,17]) and existing embodied
safety frameworks [34,55,67].
Data Generation Pipeline. Directly applying an image generation approach
like diffusion often fails to produce object-dense backgrounds that reflect the
complexity of authentic households, resulting in distorted proportions or unreal-
istic layouts. To address this, we adopt an edit-based data synthesis strategy that
utilizes real-world images as seeds, preserving the fidelity of the original environ-
mental context. As illustrated in Fig. 3 (a), our pipeline consists of four distinct
stages to construct HomeSafe: (1) Scenario Planning and Counterfactual De-
sign: In this phase, we employ a VLM as a Scenario Planner. Given a real-world
seed image, the planner formulates an ostensibly benign instruction and designs
two distinct editing blueprints to create a counterfactual pair. The hazardous
plan introduces specific risk triggers (e.g ., conflicting object states or dangerous
spatial relationships), while the safe plan ensures the environment remains com-
pliant with the instruction. To enhance diversity, we apply data augmentation
by rewriting instructions, e.g ., preserving semantic intent or adapting them to
similar hazard-triggering tasks, and diversifying the categories of risk-inducing
objects within the editing plans. (2) Context-Preserving Image Editing: An Im-
age Editor executes these blueprints by inserting or replacing objects within the
scene. Crucially, this process enforces a constraint to maintain the integrity of
the background layout. This step yields a pair of images: an unsafe scenario con-
taining the injected hazard (e.g ., a metal bowl inside a microwave) and a corre-
sponding safe counterpart (e.g ., a ceramic bowl), facilitating the model’s ability
to learn discriminative features for risk identification. (3) Dual-Stage Quality
Filtration: To ensure the logical and visual quality of the dataset, we apply two
automated filters. First, a Fidelity Filter removes samples with generation ar-
tifacts, distortion, or contextual incongruities (e.g ., kitchenware appearing in
a restroom). Subsequently, a Hazard Consistency Filter validates the seman-
tic alignment. For unsafe scenarios, it verifies that the injected hazard is valid
and consistent with the instruction. For safe scenarios, it confirms the absence
of residual risks. (4) Hierarchical Visual-Textual Annotation: For the filtered
images, an Annotation Engine generates the dense supervision signals required
for our hybrid reasoning framework. This includes: (i) 2D bounding boxes ex-
plicitly localizing safety-critical regions (classified as target area or constraint
area); (ii) textual descriptions of object names and states; and (iii) step-by-step
GT reasoning traces. These annotations are structured to align perfectly with
the four-stage process utilized during SFT. More implementation details and
examples are listed in Appendix B.

4 Experiment

4.1 Setup

By employing the data pipeline described in Section 3.3, followed by rigorous hu-
man verification, we constructed HomeSafe-Bench, which consists of 512 images
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Table 1: Performance comparison on HomeSafe-Bench. The best results are high-
lighted in bold, and the second-best results are underlined. Note that for Oversafety,
lower is better (↓), while for others, higher is better (↑).

Model RIR ↑ RMR ↑ T-IoU ↑ C-IoU ↑ OR ↓
Open-Sourced VLMs

Qwen3-VL-4B-Thinking [43] 66.67 33.14 0.5902 0.2212 29.31
Qwen3-VL-8B-Thinking [43] 67.58 33.20 0.5732 0.2694 32.62
RoboBrain2.5-8B [38] 56.15 24.00 0.4961 0.1245 41.18
Qwen3-VL-235B-A22B-Thinking [43] 77.17 45.08 0.6964 0.4124 34.69

Proprietary Models

GPT-4o-mini [27] 88.04 39.41 0.3749 0.1328 55.15
Gemini-2.5-flash [40] 87.84 57.25 0.3587 0.2790 42.65
Gemini-3-pro [41] 87.45 60.98 0.6745 0.5217 25.23

Runtime Safeguard

ThinkSafe [55] 44.31 23.53 / / 15.29
Poex [25] 45.19 23.97 / / 16.47
AgentSpec [45] 66.67 36.67 / / 28.41

Ours

HomeGuard-4B 90.00 63.72 0.6709 0.4873 21.96
HomeGuard-8B 90.98 74.90 0.7206 0.5562 13.14

of unsafe scenarios and 272 images of safe scenarios. This benchmark is strictly
non-overlapping with the HomeSafe training set. Subsequent evaluations will be
conducted on both HomeSafe-Bench and a public risk identification dataset.
Evaluation Metrics. We adopt the following metrics to assess the safety per-
formance of HomeGuard in identifying and handling potential hazards during
interactive household tasks:

– RIR (Risk Identification Rate): The percentage of unsafe scenarios in which
the model successfully predicts the potential risk.

– RMR (Risk Match Rate): The rate of semantic alignment between the risk
explanations generated by the model and the ground-truth descriptions. We
employ Qwen3-VL-235B-A22B-Thinking [43] as the judge model to evaluate
the semantic consistency. See Appendix D for detailed evaluation prompt.

– IoU (Hazard Intersection over Union [30]): Measures the spatial overlap
between the predicted bounding box and the ground-truth annotation. To
provide a granular analysis of hazard grounding, we report two sub-metrics:
• T-IoU (Target IoU): Measures the grounding accuracy of the target

areas btarget to assess the ability in localizing the interaction target.
• C-IoU (Constraint IoU): Measures the localization performance for con-

straint areas bconstraint. This metric specifically evaluates the model’s ca-
pability to detect background objects that introduce hazards and impose
safety constraints on the task execution.
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Pareto frontier 
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Efficiency ↑

Accuracy
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AgentSpec-4B 

Qwen3-VL-4B-Thinking

Poex-4B

ThinkSafe-4B

HomeGuard-4B HomeGuard-8B
AgentSpec-8B 

Qwen3-VL-8B-Thinking

Poex-8B

ThinkSafe-8B
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× 4.38 efficiency ↑ × 2.25 RMR ↑

× 2.95 effic
iency ↑

Pareto frontier 
w/o oursPareto frontier 

w/o ours

× 1.35 RIR ↑

× 4.38 efficiency ↑
× 1.34 RIR ↑

× 2.95 efficiency ↑

Fig. 4: Comparison of inference efficiency and safety performance, where the x-axis is
plotted on a logarithmic scale.

– OR (Oversafety Rate): The proportion of safe scenarios incorrectly flagged
as unsafe by the model, serving as a metric for excessive caution that leads
to false positive penalties.

Baselines. We compare three representative runtime safeguard baselines, Think-
Safe [56], Poex [25], and AgentSpec [45], all implemented based on the Qwen3-
VL-8B-Thinking model [43]. See Appendix D for further details.

4.2 Performance in HomeSafe-Bench

Two-stage training achieves simultaneous gains in risk identification
and hazard grounding. As shown in Table 1, HomeGuard models substantially
outperform all baselines, including open-source VLMs, proprietary models, and
runtime safeguards on HomeSafe-Bench. Specifically, HomeGuard-8B achieves
a state-of-the-art RIR of 90.98%, marking a 2.94% absolute improvement over
the strongest proprietary baseline, GPT-4o-mini (88.04%). Regarding hazard
grounding, HomeGuard-8B attains T-IoU of 0.7206 and C-IoU of 0.5562, signifi-
cantly surpassing the performance of the top-tier VLM Gemini-3-pro (0.6745 and
0.5217, respectively). HomeGuard-8B’s risk awareness is further underscored by
its RMR of 74.90%, which exceeds the top-performing baseline by a substantial
margin of 13.92%. Notably, following our two-stage training, even the smaller
HomeGuard-4B achieves superior RIR of 90.00% and RMR of 63.72% compared
to leading proprietary and large-scale open-source models.
Reasoning driven by active perception and visual-anchor-based risk
judgment significantly mitigates oversafety issues. Table 1 reveals that
our HomeGuard-8B achieves the lowest OR among all methods at 13.14%. This
represents a notable reduction of 12.09% compared to the best proprietary model
Gemini-3-pro, and 16.17% to the best OR in open-sourced VLM baselines. Run-
time safeguards ThinkSafe and Poex gain a lower OR compared to off-the-shelf
models, but at the cost of severely degraded risk identification capability. In
contrast, the incorporation of systematic active perception into the reasoning
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Table 2: Performance comparison on four public risk identification benchmarks.

Model EARBench MSSBench PaSBench SafeAgentBench

RIR ↑ RMR ↑ RIR ↑ OR ↓ RIR ↑ RMR ↑ RIR ↑ OR ↓
Open-Sourced VLMs

Qwen3-VL-4B-Thinking [43] 82.67 52.35 51.31 23.68 70.31 36.72 63.67 36.46
Qwen3-VL-8B-Thinking [43] 86.06 57.25 52.63 27.11 69.53 37.50 63.49 43.68
RoboBrain2.5-8B [38] 88.70 60.26 59.21 22.37 74.21 35.94 70.37 47.65
Qwen3-VL-235B-A22B-Thinking [43] 89.83 67.80 62.67 22.37 72.66 45.31 68.9 33.21

Proprietary Models

GPT-4o-mini [27] 91.21 65.35 96.05 84.21 89.06 44.53 65.78 65.70
Gemini-2.5-flash [40] 88.32 67.23 53.95 28.95 79.68 51.56 63.32 34.30
Gemini-3-Pro [41] 89.08 65.35 85.53 10.53 84.38 58.59 72.26 32.49

Runtime Safeguard

ThinkSafe [55] 66.10 51.79 50.00 30.26 60.94 39.84 75.49 32.85
Poex [25] 64.78 42.75 53.95 27.63 52.34 35.94 76.54 31.41
AgentSpec [45] 88.51 61.77 50.00 25.00 70.31 44.53 61.90 42.24

Ours

HomeGuard-4B 90.06 64.78 64.47 21.05 86.09 48.43 71.08 20.58
HomeGuard-8B 94.73 72.12 77.63 25.00 83.75 53.91 80.77 30.69

process allows HomeGuard to precisely localize hazards, thereby effectively min-
imizing unnecessary refusals in safe scenarios. See Appendix E for case study.
HomeGuard establishes a superior trade-off between Risk Identifica-
tion Rate and inference efficiency. As shown in Fig. 4, HomeGuard signifi-
cantly outperforms existing baselines, pushing beyond the previously established
Pareto frontier [23]. We observe that standard long-thinking models often suf-
fer from computational redundancy. Notably, Qwen3-VL-4B-Thinking exhibits
lower efficiency (0.025 s−1) than its 8B counterpart (0.034 s−1), suggesting
that smaller models are particularly susceptible to recursive verification loops
when processing complex safety logic. HomeGuard overcomes these bottlenecks
through its structured reasoning process. At the 4B scale, HomeGuard achieves
an inference efficiency of 0.108 s−1 and an RIR of 90.00%, representing a 4.38×
efficiency gain and a 1.92× improvement in RMR over the baseline Qwen3-VL-
4B-Thinking. Similarly, HomeGuard-8B demonstrates a 2.95× speedup and a
2.25× enhancement in RMR, reaching an efficiency of 0.102 s−1. These results
validate that our prioritized active perception strategy effectively steers atten-
tion toward hazard-relevant regions, mitigating distractions from background
clutter that otherwise induce inefficient reasoning cycles.

4.3 Performance in Public Risk Identification Benchmark

To evaluate the generalization and robustness of HomeGuard, we conduct ex-
periments across four public benchmarks comprising unseen scenarios: EAR-
Bench [67], PaSBench [58], SafeAgentBench [55], and MSSBench [65]. These
datasets introduce diverse distribution shifts; Notably, SafeAgentBench utilizes
simulator-based imagery, introducing a substantial domain gap compared to real-
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Table 3: Ablation study based on Qwen3-VL-4B-Thinking in HomeSafe-Bench. “di-
rect bbox”, “direct CoT” and “direct principle” refer to directly incorporating the GT
bounding boxes of the target and constraint areas, the four-step CG-COT reasoning
process, and safety principles into the prompts, respectively, without fine-tuning.

Model RIR ↑ RMR ↑ T-IoU ↑ C-IoU ↑ OR ↓

Qwen3-VL-4B-Thinking 66.67 33.14 0.5902 0.2212 29.31

w/o constraint iou reward 85.49 50.20 0.6764 0.2604 22.43
w/o target iou reward 90.00 56.27 0.5642 0.4239 37.03
w/o all iou reward 90.98 50.98 0.5956 0.4052 42.35

direct GT bbox 84.71 51.96 0.7936 0.6242 22.79
direct CoT 70.07 43.50 0.6488 0.3302 23.53
direct principle 71.26 47.83 0.4308 0.2743 35.56

HomeGuard-4B 90.00 63.72 0.6709 0.4873 21.96

world scenarios, while PaSBench extends the evaluation to non-household envi-
ronments. Due to the inconsistent availability of ground-truth annotations (e.g .,
missing risk descriptions or safe samples) across datasets, we report metrics such
as RMR and OR only where applicable.
RFT with visual process supervision empowers robust generalization.
Table 2 across four public benchmarks demonstrate that HomeGuard signifi-
cantly outperforms all open-source VLMs and runtime safeguard baselines, es-
tablishing state-of-the-art performance among non-proprietary models. Overall,
HomeGuard demonstrates performance comparable to leading proprietary mod-
els such as Gemini-3-Pro. For instance, it achieves RIR of 94.73% and RMR of
72.12% on EARBench. Notably, HomeGuard exhibits robust generalization to
simulator-based environments despite the absence of such data during training.
We attribute this proficiency to two factors: first, the incorporation of compre-
hensive and universal safety principles; and second, a training paradigm that
emphasizes structured visual evidence examination over rigid rules tied to spe-
cific scenes or object categories. By mastering this context-guided reasoning,
the model effectively grounds safety hazards in subtle visual details and applies
generalized safety knowledge across diverse household scenarios.

4.4 Ablation Study

Table 3 analyzes the contribution of each component in our framework.
Impact of Visual Process Rewards: The ablation of the constraint IoU re-
ward precipitates a sharp decline in both RIR and RMR. This validates our
hypothesis that accurately localizing background interference is a prerequisite
for valid semantic risk judgment. Similarly, omitting the target IoU reward im-
pairs the model’s focus, lowering RMR by 7.45% and increasing the OR to
37.03%. This indicates that explicitly anchoring the interaction object is critical
for filtering out irrelevant perceptual noise and curbing hallucinations. Notably,
stripping all visual grounding supervision yields the highest OR (42.35%); while
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Safety tip with hazard grounding:
The proximity of [target_area][teacup] 
[259, 314, 357, 408][] and [target_area] 
[copper teapot][292, 208, 459, 369][] to 
the [constraint_area][laptop][432, 96, 
606, 326][powered-on] means even minor 
contact could cause tea to spill onto the 
keyboard, leading to short circuits, 
potential electric shock or fire hazards

Planning w/o safety tip
1. Move to the teapot
2. Pick up the teapot
3. Move to the teacup
4. Pour into the teacup
5. Place to original position 
6. Done

Instruction: Pour tea into the 
teacup located next to the teapot

Embodied 
Agent

Planning with safety tip
1. Move to the laptop (487, 227) 
2. Pick up the laptop
3. Place away from the teapot
4. Move to the teapot (301, 212)
5. Pick up the teapot
6. Move to the teacup (308, 361)
7. Pour into the teacup
8. Place to original position (301, 212)
9. Done

Home-
Guard

laptop (constraint)

teacup (target)

teapot 
(target)

1. Move to laptop (487, 227)

default start point 
(500, 0)

3. Place away from teapot 4. Move to teapot (301, 212) 6. Move to teacup (308, 361)Scene Image

Embodied 
Agent

dangerous safe

Fig. 5: An application case of HomeGuard facilitating safe trajectory generation. The
underlying motion trajectories are generated by RoboBrain2.5-8B [38].

RIR remains high, the absence of precise visual guidance forces the model into
unfocused behavior, resulting in excessive false positives.
Efficacy of Reasoning Architectures: The substantial performance gain in
“Direct GT bbox” baseline demonstrates that utilizing task-relevant areas as
visual anchors effectively boosts risk identification accuracy. The “Direct CoT”
variant improves upon the vanilla Qwen3-VL model, confirming the benefit of
explicit step-by-step logic. However, it significantly underperforms HomeGuard-
4B, underscoring the vital role of RFT in aligning semantic reasoning with visual
evidence. Finally, the “Direct Principle” variant suffers from a high OR, demon-
strating that abstract safety knowledge cannot be effectively applied without a
structured visual grounding framework.

4.5 Application: Safety-Aware Planning and Trajectory Generation

To validate the practical utility of HomeGuard, we integrate it within a VLM-
driven embodied agent framework. Quantitative results on IS-Bench [24] demon-
strate that leveraging HomeGuard’s safety tips, specifically identified risks and
grounded hazard areas, significantly boosts the baseline planner (Qwen3-VL-
8B-Thinking), raising the Task Success Rate from 61.36% to 73.91% and Safe
Success Rate from 29.54% to 45.65%. Beyond high-level decision-making, the
active perception capability of HomeGuard bridges the gap to low-level control
by transforming grounded bounding boxes into actionable spatial waypoints. As
illustrated in Fig. 5, while a naive planner risks pouring liquid over a powered-on
laptop, HomeGuard explicitly grounds the laptop as a constraint area. This en-
ables the agent to generate a precautionary trajectory that relocates the hazard
before executing the task, proving that HomeGuard effectively converts abstract
safety constraints into geometric primitives for safe execution. See Appendix F
for more detailed application cases.
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5 Conclusion

In this paper, we introduce HomeGuard, a plug-and-play safeguard designed to
bridge the gap between high-level semantic safety and low-level hazard grounding
for embodied agents. Addressing the challenge of VLM’s unfocused perception
in cluttered scenarios, we propose the Context-Guided Chain-of-Thought
(CG-CoT) mechanism, which enforces explicit visual anchor localization prior
to risk judgment. We further facilitate this paradigm by curating HomeSafe via
a counterfactual editing pipeline and employing a hybrid training strategy that
combines SFT with process-oriented RFT. Extensive experiments demonstrate
that HomeGuard achieves state-of-the-art performance on both HomeSafe-Bench
and public benchmarks. Crucially, it matches the risk identification capabilities
of proprietary models while reducing oversafety. Moreover, we validate its prac-
ticality in downstream safe planning and trajectory generation.
Limitations and Future Work. Despite these advancements, several avenues
remain for future exploration. First, as our current framework operates on 2D
images, extending it to 3D point clouds or depth modalities could enhance rea-
soning about spatial relations, such as precise clearance or occlusion. Second,
while we focus on static environmental hazards, addressing dynamic risks posed
by moving agents or humans will require temporal modeling, suggesting a need
for video-based safety reasoning. Finally, we aim to deploy HomeGuard on physi-
cal robot platforms to investigate closed-loop safety in long-horizon manipulation
tasks. We hope this work serves as a foundational step toward building embod-
ied agents that are not only intelligent but intrinsically safe and trustworthy in
human-centric environments and diverse real-world indoor scenarios.
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