
EVIL-SAFE: A Benchmark for Embodied Vision-Language Safety
Inspection by Free Exploration in Home Environment

Anonymous ACL submission

Abstract001

Embodied agents can identify and report safety002
hazards in home settings. Accurately evaluat-003
ing their ability to perform home safety checks004
is essential, yet current benchmarks have two005
major shortcomings. First, they oversimplify006
the task by using textual descriptions instead007
of visual inputs, hindering proper evaluation008
of vision-language model (VLM)-based agents.009
Second, they rely on a single static viewpoint,010
limiting exploration and potentially missing011
hazards that are occluded from fixed angles.012
To address these issues, we introduce EVIL-013
SAFE, a benchmark with 12,900 instances014
covering five common home hazards. EVIL-015
SAFE provides dynamic first-person view im-016
ages from simulated home environments, offer-017
ing multiple dynamic perspectives in complex018
settings by allowing embodied agents to freely019
explore rooms, thereby enabling more compre-020
hensive inspection. Our evaluation of main-021
stream VLMs on EVIL-SAFE reveals signifi-022
cant limitations: even the top model achieves023
only a 10.23% F1 score, struggling particularly024
with hazard recognition and exploration plan-025
ning. We hope EVIL-SAFE will support fu-026
ture research on home safety inspection.1027

1 Introduction028

Homes often present safety hazards due to human029

negligence, potentially posing a serious threat to030

residents (Stewart, 2001; Josephson et al., 1991;031

Goldstick et al., 2022). While regular inspections032

can prevent these issues, manual checks are time-033

consuming and labor-intensive. Fortunately, the034

recent development of vision language models035

(VLMs) (Alayrac et al., 2022; Liu et al., 2023;036

Wang et al., 2024; Bai et al., 2025a) has enabled037

VLM-based embodied agents to perform various038

practical tasks such as visual exploration, navi-039

gation, and embodied question-answering (Duan040

et al., 2022; Chen et al., 2019; Batra et al., 2020;041

1Our dataset and code will be released soon.

Ye et al., 2021; Zhao et al., 2025). The embodied 042

VLM agents show great promise for diverse appli- 043

cations, especially within home environments (Yin 044

et al., 2024; Liu et al., 2024). Consequently, the 045

automation of safety inspections using embodied 046

VLMs agents is a promising new area of research. 047

However, the evaluation of embodied VLM 048

agents in home safety inspection tasks still has 049

significant flaws. Specifically, previous evaluation 050

benchmarks exhibit notable limitations (Mullen Jr 051

et al., 2024; Hassan et al., 2024) primarily in two 052

aspects. First, they convert visual data into tex- 053

tual modalities such as object relationship graphs, 054

for processing by text-only large language models 055

(LLMs). This modality transformation discards 056

critical spatial information, as nuanced spatial con- 057

cepts are simplified into inadequate positional re- 058

lationship descriptions in text, thus failing to eval- 059

uate the general visual understanding capabilities 060

of VLM-based embodied agents. Second, they 061

rely on fixed-view cameras for hazard identifica- 062

tion. The fixed and limited field-of-view is suscep- 063

tible to occlusion, potentially causing the embod- 064

ied VLM agents to overlook hazards. To address 065

the lack of visual presentations and flexible view- 066

points in existing home inspection benchmarks, 067

we propose EVIL-SAFE, a comprehensive bench- 068

mark for Embodied VIsion-Language SAFEty in- 069

spection by free exploration in home environment. 070

The construction of EVIL-SAFE combines hu- 071

man annotation and rule-based generation, obtain- 072

ing a large scale dataset with significant diversity. 073

Throughout and after the construction process, hu- 074

man reviews are adopted to ensure the correctness 075

and high quality of the benchmark. Collectively, 076

EVIL-SAFE contains 12,900 safety inspection 077

tasks with diverse variations based on the simulated 078

environment of VirtualHome (Puig et al., 2018, 079

2020), covering five prevalent domestic hazard cat- 080

egories: fire, electric shock, falling object, trip, and 081

child safety. Each instance represents a room en- 082
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Figure 1: Schematic diagram of the home safety inspection. VLM agents are tasked with identifying the objects that
pose a safety hazard given the first-person perspective image from the environment, and select the next action from
the action list to iteratively inspect the entire room.

vironment containing multiple hazards, and agents083

are instructed to autonomously explore the room084

to report these hazards. During the inspection, the085

VLM-based agents interacts with the environment086

to acquire egocentric visual perspectives, identifies087

hazards within the current field-of-view, and au-088

tonomously determines subsequent actions. The089

process is shown in Figure 1.090

We conduct a systematic evaluation on main-091

stream VLMs using EVIL-SAFE. Our results092

show that existing VLMs have significant capabil-093

ity deficiency in identifying potential home safety094

hazards under the paradigm of free exploration095

with visual feedback. Even the top-performing096

proprietary VLMs like Qwen-VL-Max and GPT-097

4o achieve an F1 score under 10%. Our finding098

indicates that current VLMs are not yet reliable for099

real-world applications in home safety inspection.100

To offer a deeper understanding of the deficien-101

cies of current VLMs in home safety inspection102

tasks, we conduct an in-depth analysis of the ef-103

fectiveness of free exploration by embodied VLM104

agents. Our key findings highlight the importance105

of free exploration in these tasks, while also re-106

vealing a significant weakness in the exploration107

effectiveness of current embodied VLMs, partic-108

ularly in complex environments and over a larger109

number of interaction steps.110

Our main contributions are as follows:111

• We introduce EVIL-SAFE, a novel bench-112

mark for embodied VLMs that enables visual113

free-exploration for home safety inspection.114

It contains 12,900 instances across five com-115

mon household hazard categories, constructed116

through a rigorous design and review process.117

• We perform a comprehensive evaluation of 118

prevalent VLMs on EVIL-SAFE, revealing 119

their significant limitations in this task and 120

establishing it as a highly challenging bench- 121

mark. 122

• We conduct an in-depth analysis of VLM 123

agents’ free exploration during safety inspec- 124

tions to understand the root of their deficien- 125

cies. We demonstrate that effective free explo- 126

ration remains a major challenge, especially 127

in complex, multi-step environments. 128

2 Related Work 129

2.1 Vision-Language Model on Embodied AI 130

Vision-Language Models (VLMs) are widely used 131

in embodied AI to enable agents to perceive, inter- 132

act with, and understand their environments (Ma 133

et al., 2024; Li et al., 2025b; Shao et al., 2025). Typ- 134

ical applications include vision-language naviga- 135

tion (Anderson et al., 2018; Zhu et al., 2020; Hong 136

et al., 2021; Zhang et al., 2025), embodied question 137

answering (Das et al., 2018; Li et al., 2025c; Zhao 138

et al., 2025), and executing language-driven physi- 139

cal tasks ranging from simple instruction following 140

to long-horizon planning (Gao et al., 2022; Li et al., 141

2023; Patel et al., 2025; Yang et al., 2025; Sripada 142

et al., 2025). 143

In this context, we propose EVIL-SAFE, intro- 144

ducing a novel and challenging multi-task scenario 145

for embodied VLMs: comprehensive home safety 146

inspection. Unlike prior tasks, EVIL-SAFE re- 147

quires the agent to proactively patrol a room to 148

discover as many safety hazards as possible. This 149

demands not only hazard identification but also au- 150
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Dataset Samples Hazard Categories Scene Task Types

Num. SG VI FE MDS MT

SafetyDetect 1,000 3 7 ✔ ✘ ✘ ✘ ✘

M-CoDAL 908 16 ✘ ✘ ✔ ✘ ✘ ✘

SafeAgentBench 750 10 1 ✘ ✔ ✘ ✘ ✘

SafePlan-Bench 2,027 8 1 ✘ ✘ ✘ ✘ ✘

EmbodyGuard 942 12 942 ✘ ✘ ✘ ✘ ✔

IS-Bench 388 10 161 ✘ ✔ ✘ ✘ ✔

EVIL-SAFE 12,900 5 12 ✔ ✔ ✔ ✔ ✔

Table 1: Comparison of EVIL-SAFE with existing safety related datsets, including SafetyDetect (Mullen Jr et al.,
2024), M-CoDAL (Hassan et al., 2024), SafeAgentBench (Huang et al., 2025), SafePlan-Bench (Huang et al., 2025),
EmbodyGuard (Son et al., 2025) and IS-Bench (Lu et al., 2025). In the Scene, Num. represents the total number
of scenes, and SG respectively represent Scalable Generation. In the Task Types, VI, FE, MDS, MT respectively
represent Visual Interaction, Free Exploration, Multiple Dangerous Scenarios and Multiple Turns.

tonomous decision-making, advanced spatial per-151

ception, and exploration planning, presenting a152

benchmark of significant practical utility.153

2.2 Safety of Embodied AI154

With the extensive development of embodied AI, its155

safety has become a critical research focus. Recent156

studies in this area broadly fall into two categories:157

enhancing the safety of embodied AI itself (Yin158

et al., 2024; Liu et al., 2024; Zhang et al., 2024a;159

Zhu et al., 2024; Zhang et al., 2024b) and utiliz-160

ing embodied AI to perform human safety-related161

tasks (Li et al., 2025a; Zhou et al., 2024; Mullen Jr162

et al., 2024; Hassan et al., 2024). Research in the163

first category typically examines the safety of agent164

operations, employing methods like prompt injec-165

tion or jailbreaking to execute dangerous human166

instructions (Yin et al., 2024; Zhang et al., 2024a)167

or generate risky specific actions (Zhu et al., 2024;168

Zhang et al., 2024b). The second category involves169

deploying embodied AI to address real-world haz-170

ardous situations, such as analyzing traffic accident171

causes (Li et al., 2025a), rescuing items in disas-172

ter environments (Zhou et al., 2024), or inspect-173

ing homes for unsafe conditions (Mullen Jr et al.,174

2024).175

Our work belongs to the second category, aim-176

ing to utilize embodied AI for home safety inspec-177

tion. Compared to prior work, our embodied envi-178

ronment presents a more flexible and challenging179

scenario. Specifically, the agent is required to au-180

tonomously patrol a home to identify safety hazards181

based on visual feedback, placing higher demands182

on spatial awareness and path planning capabilities.183

A detailed comparison is provided in Table 1. 184

3 EVIL-SAFE 185

3.1 Task Definition 186

We propose a home safety hazard inspection task 187

in which an embodied agent actively navigates a 188

simulated 3D home environment to identify and 189

report safety hazards. Following real-world home 190

safety guidelines, we define five categories of com- 191

mon household hazards in our benchmark. Each 192

category represents a specific configuration of item 193

placement that poses a safety risk. 194

• Fire Hazards: Flammable materials are lo- 195

cated close to active or potential heat sources. 196

Examples include curtains or stacks of paper 197

placed next to a lit stove, and a pile of dry 198

cloth near a burning candle. 199

• Electric Shock Hazards: Appliances or 200

power devices in contact with water, which 201

may cause electric shock or short circuits. Ex- 202

amples include an appliance in a sink or a 203

toilet. 204

• Falling Object Hazards: Items positioned 205

in a way that they may fall from height and 206

cause injury or damage. Examples include a 207

coffee pot placed at the edge of a refrigerator, 208

or a box positioned at the edge of a shelf. 209

• Trip Hazards: Objects or clutter on the floor 210

that could cause someone to stumble or lose 211

balance during normal movement. Examples 212

include a bar of soap left in a hallway. 213
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Figure 2: Annotation process of EVIL-SAFE.

• Child Safety Hazards: Placement of danger-214

ous or harmful items within easy reach of a215

child. Examples include a bottle of alcohol on216

a low table, or sharp kitchen knives placed on217

TV stand.218

Formally, let the initial state denoted as s0 with219

a ground-truth hazard set H. At each discrete time220

step t, the agent policy π is to identify hazards Ĥt221

with the current observation, and select an action222

at ∈ A. The state is then transitioned following223

the transition function f , updating the observation.224

Ĥt, at ∼ π(·|st), st+1 = f(st, at). (1)225

The action space A consists of basic naviga-226

tion primitives such as move-forward, turn-left,227

turn-right, and look-up, as detailed in Ap-228

pendix A. After executing a sequence of actions229

{a0, a1, . . . , aT−1} within a step budget T , the fi-230

nal identified hazard set is defined as the union of231

the hazard sets identified at each step.232

Ĥ =

T−1⋃
i=0

Ĥt. (2)233

Task performance is evaluated by comparing the234

reported hazards Ĥ against the ground-truth haz-235

ards H using the precision, recall, and F1 score.236

A hazard is considered correctly reported if both237

its category and the name of the associated item 238

are correct. Note that we do not require a per- 239

fect match for the item name. Instead, we use a 240

rule-based matching system for a more flexible and 241

reliable evaluation, as detailed in Appendix A. 242

Precision(Ĥ,H) =
||Ĥ ∩ H||
||Ĥ||

, (3) 243

Recall(Ĥ,H) =
||Ĥ ∩ H||
||H||

, (4) 244

F1(Ĥ,H) =
2× ||Ĥ ∩ H||
||Ĥ||+ ||H||

. (5) 245

3.2 Construction and Quality Control 246

Procedure 247

EVIL-SAFE is constructed based on the engine 248

of VirtualHome by combining manual annotation 249

and rule-based generation. The careful reviews are 250

conducted through out the construction process to 251

ensure the correctness and quality of the bench- 252

mark. The construction process consists of three 253

stages, as shown in Figure 2. 254

Annotation of Potential Hazard Locations 255

Firstly, the spatial locations within the virtual en- 256

vironment that are likely to contain safety hazards 257

are annotated, such as the top of a refrigerator, 258

inside a sink, or on a stove. The process is per- 259

formed by two annotators, each responsible for six 260
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Fire Electric Shock Trip Falling object Child Safety

# of Hazard Locations 17 3 51 13 19
# (and %) of Samples 958 (60%) 417 (26%) 1486 (94%) 973 (61%) 716 (45%)

# Hazard Locations 22 10 58 24 22
# (and %) Samples 9051 (70%) 3558 (28%) 11019 (85%) 8836 (69%) 8999 (70%)

Table 2: Statistics of hazard types in EVIL-SAFE for subset (top) and full set (bottom).

rooms across three environments (12 rooms in to-261

tal). To ensure annotation quality, the annotators262

cross-verify each other’s annotation case by case,263

filter out locations with low risks, and the final an-264

notations reflect consensus between the annotators.265

Each identified location is assigned exactly one266

hazard type tag. In total, we obtain 136 annotated267

hazard locations across all environments.268

Annotation of Object Attributes Then, the com-269

mon objects in the virtual environment are as-270

signed with a predefined set of attributes, including271

flammable, electrical, tripping hazard, falling ob-272

ject, and child safety hazard. An object may be273

assigned multiple attributes. In total, 367 objects274

across the three environments are separately an-275

notated by two annotators, and any disagreement276

between them is referred to a third annotation for a277

consolidated assignment.278

Rule-based Sample Generation Finally, the fi-279

nal samples of EVIL-SAFE are generated follow-280

ing the combination rule of locations and objects.281

Specifically, based on the potential hazard types282

associated with these locations, we place suitable283

objects with corresponding attributes at the sam-284

pled positions. For instance, a location tagged as285

fire hazard (e.g., a stove) may have an object of pa-286

per placed on it, while a location tagged as falling287

object hazard (e.g., the top of a refrigerator) may288

have a glass cup assigned to it.289

For quality control of the final samples, we con-290

duct tests in two ways. First, we randomly select291

100 samples, examine every hazard of the gold la-292

bels in the virtual environment. It is verified that all293

the hazard points marked are indeed risky and the294

placement of items is visually discoverable. Sec-295

ond, we randomly select other 100 sample, and296

manually conduct inspection with no golden label297

given. The Precision, Recall, and F1 scores achieve298

82.29%, 69.50%, and 75.36% for human inspec-299

tion, validating that the tasks in EVIL-SAFE are300

solvable.301

3.3 Dataset Statistics 302

Collectively, EVIL-SAFE contains 12,900 sam- 303

ples generated from 12 unique scenes, covering 304

five types of hazards. Considering its relatively 305

large size, we select a small subset sized 1,580 306

as detailed in Appendix A for quick experiments. 307

Hazard statistics are shown in Table 2. 308

4 Experiments 309

4.1 Settings 310

Models Following others work(Zhu et al., 2024; 311

Yin et al., 2024), and considering the information 312

loss during image-to-text conversion, we chose 313

VLMs over LLMs as the foundation models for 314

embodied home safety inspection agents. We 315

comprehensively test mainstream VLMs. Open- 316

sourced models are locally deployed, including 317

Qwen2.5-VL-7B (Bai et al., 2025b), InternVL2.5- 318

4B, InternVL2.5-8B (Chen et al., 2024), Llama3.2- 319

11B-V (Dubey et al., 2024), and Gemma3-12B 320

(Team et al., 2025). proprietary models are called 321

through API, including Qwen-VL-Max (Bai et al., 322

2023) and GPT-4o (Hurst et al., 2024). 323

Inference The open-sourced models are locally 324

deployed with transformers (Wolf et al., 2020). 325

We set temperature as 0.6, top-p as 0.9 during sam- 326

pling for all models. We don’t use greedy decoding 327

to avoid the endless repeation of the generated ac- 328

tions. 329

Agent Design The interaction flow between the 330

VLM agents and the virtual environments is il- 331

lustrated in Figure 1. In the design of VLM 332

embodied agents, we allow the VLM to control 333

the agent’s free exploration by generating naviga- 334

tion primitives such as move-forward, turn-left, 335

turn-right, and look-up. The agents perform 336

a 10-turn dialogue-based room inspection,where 337

environment transmits a first-person perspective 338

image to the VLM, and the VLM identifies and 339

reports safety hazards based on the image, then 340

autonomously decides the next action. Agent 341
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Models Subset Others All

Prec Rec F1 Prec Rec F1 Prec Rec F1

Qwen2.5-VL-7B 5.16 2.42 2.91 1.61 0.87 1.02 1.97 1.03 1.21
InternVL2.5-4B 7.98 2.73 3.66 4.10 1.25 1.69 4.57 1.43 1.93
InternVL2.5-8B 9.38 3.05 4.06 7.42 1.91 2.87 7.67 2.05 3.01
Llama3.2-11B-V 9.77 17.84 11.84 7.87 11.11 8.78 8.11 11.93 9.16

Gemma3-12B 9.00 18.14 11.46 8.51 12.93 10.06 8.57 13.57 10.23
Qwen-VL-Max 7.26 3.15 4.03 5.13 1.64 2.23 5.15 1.76 2.44

GPT-4o 7.67 4.44 5.42 10.30 6.15 6.89 9.91 5.89 6.67

Table 3: Main results of embodied VLMs on EVIL-SAFE. Best scores among all models are shown in bold. Prec
and Rec refer to Precision and Recall respectively.

prompts, and other implementation details are342

listed in Appendix B.343

Metrics We report the micro average of preci-344

sion, recall, and F1 scores as the final metrics fol-345

lowing Equation 5. Specifically, we calculate the346

metrics for each task instance, and average across347

the dataset sourced from EVIL-SAFE.348

4.2 Main Result349

In the main experiment, we evaluate VLMs using350

the complete EVIL-SAFE dataset. The results are351

shown in Table 3. In safety hazard identification, all352

models scores below 20% on Precision, Recall, and353

F1. Comparing to human inspectors that obtaining354

82.29%, 69.50%, and 75.36% Precision, Recall,355

and F1 on a subset, it can be concluded that cur-356

rent VLMs have a very poor performance on home357

safety inspection tasks. Even the commercial mod-358

els Qwen-VL-Max and GPT-4o, which perform359

well on many tasks, achieved low scores compa-360

rable to smaller models. Gemma3-12B achieved361

the best performance among all, with a recalling362

13.57% of all hazards. Qwen2.5-VL-8B achieved363

the lowest score, whose action selection is single-364

minded, usually selecting and repeatedly executing365

only one action. Furthermore, Qwen2.5-VL-8B366

was more likely to choose the passive “None" an-367

swer rather than proactively identifying safety haz-368

ards. To further understand the poor performance369

of current VLMs, we conduct a analysis on their370

free exploration behaviors in Section 5, and intro-371

duce case studies in Appendix D.372

As detailed in Appendix A, the subset contains373

more hazard points in obvious places which are374

easier to notice. Comparison between results of375

different test sets show that the subset generally ob-376

tains higher scores, which meets our expectations.377

However, the final results are still very low com- 378

pared to human scores (75.36% F1 score), again 379

validating the tasks of home safety inspection from 380

EVIL-SAFE pose strong challenges to VLMs. 381

5 Analysis 382

In the introduction to EVIL-SAFE, the free explo- 383

ration paradigm plays a crucial role in our proposed 384

EVIL-SAFE. To gain a deeper understanding of 385

the role of free exploration in home safety inspec- 386

tion tasks, we conducted an in-depth analysis to 387

answer four research questions (RQs) regarding 388

free exploration. More additional experiments can 389

be found in the appendix E. 390

• RQ1: Is free exploration useful for home 391

safety inspection task? 392

• RQ2: How is the free exploration perfor- 393

mance of current embodied VLMs? 394

• RQ3: How does the multi-turn interaction 395

affect exploration effectiveness? 396

RQ1: Importance of Free Exploration 397

Intuitively, a fixed single viewpoint of agents can 398

cause problems such as blurring of distant objects 399

and obstruction of safety hazards by other objects. 400

To validate the impact of agent free exploration on 401

inspection capabilities, we design an inspection ex- 402

periment without it. The experiment is conducted 403

with 10% randomly sampled data of EVIL-SAFE, 404

ensuring that each type of room and environment is 405

included. We fix the agent in a corner of the room 406

and rotated it to ensure that the agent’s first-person 407

perspective could see the entire room. 408

The results are shown in Table 4. When deprived 409

of the ability to explore freely, all models suffer 410
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Models Precision Recall F1

w/ w/o ∆ w/ w/o ∆ w/ w/o ∆

Qwen2.5-VL-7B 1.97 11.09 -9.12 1.03 0.41 +0.62 1.21 0.79 +0.42
InternVL2.5-4B 4.57 3.58 +0.99 1.43 0.55 +0.88 1.93 0.94 +0.99
InternVL2.5-8B 7.67 4.03 +3.64 2.05 0.63 +1.42 3.01 1.08 +1.93
Llama3.2-11B-V 8.11 5.64 +2.47 11.93 1.51 +10.42 9.16 2.32 +6.84

Gemma3-12B 8.57 19.17 -10.60 13.57 3.41 +10.16 10.23 5.69 +4.54
Qwen-VL-Max 5.15 16.74 -11.59 1.76 1.13 +0.63 2.44 2.12 +0.32

GPT-4o 9.91 14.00 -4.09 5.89 2.33 +3.56 6.67 3.96 +2.71

Table 4: The performance with (w/) and without (w/o) free exploration, and the corresponding difference between
the two paradigms (∆).

from a consistent and significant decrease in F1411

scores. Although Qwen2.5-VL, Qwen-VL-Max,412

and Gemma3-12B models achieve improvements413

in precision compared to when deprived, they suf-414

fer from a more significant recall drop due to insuf-415

ficient environmental information and occlusion,416

finally scoring lower F1. These results indicate417

that enabling the VLM to control the agent’s free418

exploration is a key factor in ensuring the model’s419

effectiveness in safety inspection tasks.420

RQ2: Performance of Free Exploration421

Given that free exploration plays a significant pos-422

itive role in home safety inspection by offering423

flexible viewpoints, we are interested in the perfor-424

mance of current VLM-based agents in effectively425

conduct exploration. In doing so, we introduce426

the Navigation (Nav) metric to reflect the agent’s427

ability to sufficiently navigate the entire environ-428

ment. Specifically, we use the built-in function429

get_visible_objects in VirtualHome to record430

the objects visible to the agent, and then calculate431

the ratio of the number of hazards into the occur-432

rence of the agent view, to the total number of433

hazards.434

Navigation =
||Ovis ∩H||

||H||
, (6)435

where Ovis refers to the set of all objects visible436

to the agent, and H is the ground truth hazard set.437

The experimental results are shown in Table 5.438

First, all the models perform badly on navigation,439

with less than 50% of the risk points included in the440

observation throughout the inspection. The poor441

navigation scores partially explain the deficiencies442

of current embodied VLMs in home inspection task.443

Since embodied VLMs have significant difficulties444

navigating to extensively observe the items, it be- 445

comes less likely for them to identify the hazards 446

and get a high recall rate. 447

Second, according to the experimental results, 448

the model performs different on navigation and 449

F1 scores in different rooms. All models perform 450

poorly in the living room, likely due to the large 451

number of items such as sofas and TV tables, which 452

complicates the environment and presents a greater 453

challenge for the models. In the bathroom, most 454

models achieve relatively strong scores, likely due 455

to the smaller size and fewer items of the room 456

which makes it easier for the models to inspect the 457

entire room. The difference between rooms indi- 458

cate that current VLM agents still struggle with 459

conducting effective navigation in complex envi- 460

ronments. 461

RQ3: Free Exploration under Multi-Turn 462

Interaction 463

The free exploration in EVIL-SAFE involves 464

multi-turn interaction with the virtual environment. 465

A natural question under this paradigm is, how will 466

the effectiveness of free exploration be affected as 467

the number of turn grows. Therefore, we conduct 468

an investigation by setting the maximum number 469

of turns to 30, and calculating the model score ev- 470

ery five turns. This maximum number of turns is 471

set to 30, as empirical evidences suggest that the 472

models tend to output content unrelated to the task, 473

such as descriptions of the environment, and the 474

performance will not change significantly when the 475

number of turns exceeds 30. The model’s Naviga- 476

tion, Precision, Recall, and F1 scores as a function 477

of the number of turns as line graphs are shown in 478

Figure 3. 479
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Models Kitchen Bathroom Bedroom Livingroom All

Nav F1 Nav F1 Nav F1 Nav F1 Nav F1

Qwen2.5-VL-7B 36.77 0.70 54.12 1.24 40.98 3.73 23.73 0.79 33.64 1.21
InternVL2.5-4B 38.36 2.58 53.27 2.69 44.55 2.02 37.10 0.63 39.45 1.93
InternVL2.5-8B 37.44 3.10 53.31 5.03 42.24 2.43 40.88 2.53 40.32 2.86
Llama3.2-11B-V 37.06 9.94 53.69 12.07 41.41 6.91 38.46 8.86 39.24 9.16

Gemma3-12B 43.72 9.21 60.78 11.18 47.33 10.78 25.22 11.68 39.54 10.23
Qwen-VL-Max 36.77 3.29 54.12 5.11 43.98 2.51 44.03 0.93 41.24 2.44

GPT-4o 44.22 10.45 52.64 10.01 51.36 3.34 51.89 2.87 49.94 6.67

Table 5: The navigation (Nav) and F1 scores across different types of rooms. The navigation score of an agent is
defined as the ratio of the number of observed hazards to that of all hazards. The highest scores among models are
shown in bold.

(a) Navigation (b) Precision

(c) Recall (d) F1

Figure 3: VLM performance changes as a function of
the number of action turns. Sub-figure (a), (b), (c), and
(d) shows the change of Navigation, Precision, Recall,
and F1 score of each VLM with action turns.

As the number of interaction turn grows, the480

F1 score does not necessarily increases monoton-481

ically with it. Instead, the performance general482

reaches its high value or even its peak at the first483

few steps, and then saturates or even decrease along484

with more steps. Analysis on other metrics other485

than F1 scores offers further insights about the long-486

horizon free exploratino process. Along with the487

turn number increases, the Navigation score and 488

Recall score gain per five turns gradually slows 489

down, indicating that the free exploration and haz- 490

ard identification are less and less effective for later 491

turns in the whole process. Meanwhile, the Preci- 492

sion score significantly decreases when turn num- 493

ber grows, also demonstrating the decrease of in- 494

spection quality after a certain number of turns. 495

Generally, the analysis highlights another weak- 496

ness of current embodied VLMs in the free ex- 497

ploration of home safety inspection tasks, namely 498

the effectiveness drop under a long horizon of 499

multi-turn interaction. These VLM-based agents 500

lack clear and solid planning to conduct a well- 501

organized inspection, but conduct exploration and 502

identification in a arbitrary way, thus obtaining lit- 503

tle gain in a long-sequence task. 504

6 Conclusion 505

To address the limitations of fixed viewpoints and 506

missing visual information in home safety eval- 507

uation, we propose EVIL-SAFE, a benchmark 508

featuring first-person perception and interactive 509

free exploration for embodied VLMs. EVIL- 510

SAFE includes 12,900 samples across five com- 511

mon household hazard categories, with quality en- 512

sured through human review. 513

Using EVIL-SAFE, we systematically evaluate 514

mainstream VLMs, revealing significant shortcom- 515

ings in hazard identification and exploration. Our 516

in-depth analysis of free exploration patterns high- 517

lights its importance while exposing VLMs’ weak- 518

nesses in navigation within complex, multi-turn 519

environments.We hope EVIL-SAFE can establish 520

a foundation for embodied safety and guide im- 521

provements in VLM navigation and understanding. 522
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Limitation523

We introduced EVIL-SAFE, designed to evaluate524

a model’s inspection capabilities in a home envi-525

ronment. Because EVIL-SAFE includes a large526

number of diverse scenarios and requires multi-527

ple rounds of real-time interaction with the virtual528

environment, the evaluation consumes significant529

resources. Furthermore, due to limitations in the530

model’s context length, we cannot retain all inter-531

action records, only key information.532

Ethics Statement533

Our work belongs to LLM embodied agent work.534

This type of work has risks. However, as a bench-535

mark in its previous application field, our work536

does not introduce additional risks on top of the537

basic risks. We have developed a security check-538

related benchmark that will help advance the theory539

and application of embodied VLM security and has540

significant positive potential impact.541

Our work falls under the category of embodied542

agents controlled by VLMs, a field that carries cer-543

tain inherent risks. However, as a benchmark built544

upon existing theory and application, our study in-545

troduces little additional risks beyond current ones.546

Moreover, this work proposes EVIL-SAFE specif-547

ically for security checks, which aims to enhance548

the safety of embodied VLM systems and thus has549

a substantial positive impact.550
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Appendix 802

A Benchmark Details 803

A.1 Virtual Environment 804

We utilize VirtualHome as the virtual home envi- 805

ronment, and the agent within this environment 806

is simulated using the “Character" module from 807

VirtualHome. Specifically, an agent can be added 808

using the add_character function. We adopt the 809

FIRST_PERSON camera of the “Character" as the 810

primary egocentric viewpoint for all actions except 811

for the “Look Up" action. 812

Regarding the actions described in Section 3.1, 813

we have modified the original actions provided by 814

VirtualHome as follows: 815

Walk Straight In VirtualHome, the “walkfor- 816

ward" action moves the agent forward by only one 817

step per execution. However, a single step results 818

in minimal change in the agent’s field of view, and 819

traversing an entire room would require an exces- 820

sive number of meaningless steps. To address this, 821

we define “Walk Straight" as moving forward three 822

steps in sequence, i.e., executing three consecutive 823

“walkforward" actions. 824

Turn Left & Turn Right In VirtualHome, each 825

“turnleft" or “turnright" action rotates the agent by 826

30 degrees. Similar to the walking action, this 827

would lead to inefficient and repetitive rotations. 828

Therefore, we define “Turn Left" and “Turn Right" 829

as rotating the agent by 90 degrees, achieved by ex- 830

ecuting three consecutive “turnleft" or “turnright" 831

actions. 832

Look Up VirtualHome does not natively provide 833

a “look up" action. To implement this, we attach 834

an upward-facing camera, named “up_camera", to 835

the agent during its initialization. The relative posi- 836

tion of this camera is set to Position = [0, 1.5, 0] 837

and its rotation to Rotation = [−15, 0, 0]. When 838

the agent performs a “Look Up" action, the image 839

captured by the “up_camera" is used. 840

A.2 Small Subset Selection 841

During the location selection phase, annotators 842

identify 57 conspicuous locations, such as table- 843

tops and floors. Subsequently, from all samples, we 844
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form a subset comprising entries where over 50%845

of hazard locations are located in such conspicuous846

locations. This subset contains 1,586 data instances847

and is characterized as relatively simpler compared848

to the complete dataset.849

A.3 Evaluation Details850

To address the issue that objects in the environment851

may be referred to by multiple names, which can852

lead to evaluation inaccuracies if a model uses a853

synonym instead of the standard name defined in854

the environment, we create a mapping that links al-855

ternative names of objects to their canonical names856

used in the virtual environment.857

This mapping is constructed using GPT-4o,858

which generated preliminary synonym associations859

based on the standard object names. The initial860

mappings were then reviewed and refined by two861

human annotators to ensure relevance and accuracy,862

resulting in a finalized mapping table. An example863

of this mapping is provided in the Table 6.864

Standard Name Mapping Names

Wallshelf Bookshelf, Rack, Shelf
Candle Wax, Light, flame

Computer PC, Laptop, Desktop
Toaster Bread heater, Bread maker, Tost machine

Clothespants Pants, Trousers, Jeans
Fridge Refrigerator

Table 6: Examples of Mapping

During evaluation, object names predicted by the865

model are first mapped to their standard canonical866

names before scoring is performed.867

B Experiment Details868

B.1 Inference details869

During model inference, we utilize the PyTorch870

framework and the Transformers library, with the871

versions of the Python libraries aligned with the872

requirements of each respective model. The in-873

ference process is conducted using six NVIDIA874

TITAN RTX GPUs in parallel. Executing infer-875

ence on the entire dataset requires approximately876

24 to 48 hours.877

B.2 Prompt878

Our experiments used multiple prompts. To en-879

sure reproducibility, this section demonstrates the880

prompts used.881

In the main experiment, we used EVIL-SAFE to882

evaluate a mainstream VLM. To ensure the VLM883

fully understood the task, we split the inspection 884

task into Task 1 and Task 2, describing each task’s 885

requirements in detail. For ease of evaluation, we 886

specified the output format and required the VLM 887

to strictly adhere to it. We also provided three 888

examples to facilitate contextual learning for the 889

VLM. As shown in Figure 4. 890

In the Without Action analysis experiment, we 891

deleted Task 2 and made appropriate modifications 892

to the prompt to ensure that the VLM could com- 893

plete the task, as shown in Figure 5. 894

B.3 Usage of Data 895

In Section 4, we evaluated all models except GPT- 896

4o using the full dataset. In Section 5, a randomly 897

selected 10% subset of the data was used for the ex- 898

periments in Sections 5.1 and 5.3. The specific data 899

selection and processing procedures for individual 900

experiments are detailed below. 901

GPT-4o For both the evaluation and analysis ex- 902

periments involving GPT-4o, we used a randomly 903

selected sample of 100 instances, ensuring the sam- 904

ple included data from all room types. 905

Data for the Without-exploration Experiment 906

In Section 5.1, we utilized the selected subset of 907

data and adjusted the agent’s viewpoint to ensure 908

a complete view of the entire room. The agent’s 909

starting position for each data instance was consis- 910

tent with the initial position used in the Section 4 911

experiments. The rotation angles applied in each 912

room are specified in Table 7. 913

Room Env0 Env1 Env2

Kitchen R30◦ R30◦ R30◦

Bedroom R30◦ R30◦ R30◦

Livingroom L30◦ L60◦ L60◦

Bathroom R30◦ R30◦ L30◦

Table 7: Initialize of Without-exploration. R stands for
"turn right", and L stands for "turn left".

Additionally, the camera configuration was ad- 914

justed. A camera with a relative position of 915

Position = [0, 1.5, 0] and rotation of Rotation = 916

[0, 0, 0] was attached to the agent, serving as the 917

primary image capture camera. 918
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Figure 4: Prompt using in EVIL-SAFE
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Figure 5: Prompt using in without action
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Figure 6: Example of Hazard Type. The left image in the first row illustrates a fire hazard, the center depicts an
electric shock hazard, while the right image demonstrates a falling object hazard. The second row presents a child
safety hazard on the left and a trip hazard on the right, respectively.

C Dataset Details919

In this section, we employ examples of hazard920

locations and types to enhance the clarity of the921

dataset’s details.922

C.1 Example of Hazard Type923

EVIL-SAFE contains five distinct hazard types,924

and we provide a representative example for each925

category, as illustrated in Figure 6.926

C.2 Example of Hazard location927

EVIL-SAFE dataset comprises 3 distinct environ-928

ments, each containing 4 different room types, re-929

sulting in a total of 12 scenarios. During the data930

construction phase, the process requires the initial931

annotation of hazard locations. To illustrate the932

specifics of our annotation methodology, for all933

12 scenarios, a number of Hazard locations are se-934

lected, ensuring that at least one instance of each935

type of hazard is included. An example of a hazard936

location is presented in Figure 7.937

D Case study938

To analyze the inaccurate recognition of VLMs, we939

selected some representative results and analyzed940

the errors of the model in Navigation and Objects941

Identification respectively.942

Navigation Table 3 and Table 5 shows that943

all models achieve relatively low recall and Nav944

scores, suggesting that their suboptimal perfor- 945

mance may stem from poor navigation when pa- 946

trolling rooms. The figure below illustrates sev- 947

eral example trajectories of the models operating 948

within the rooms. Figure 8 shows two trajectories 949

produced by GEMMA. In both examples, although 950

the navigation paths differ, the model consistently 951

misses the slip hazard placed on the floor. Notably, 952

the hazard is never observed throughout the entire 953

process. 954

Objects Identification In addition to navigation 955

errors, models may also produce object recognition 956

mistakes or fail to identify hazards. For example, 957

as shown in Figure 9, even when the model qwen- 958

max navigates correctly and observes the hazard 959

(a computer in the sink, belonging to the electric 960

shock hazard category) within its field of view, it 961

still fails to report it. 962
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Figure 7: Example of hazard location
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(a) Brief paths (Different colors represent different paths, with yellow indicat-
ing the same action).

(b) Detailed path (green one in 8a).

(c) Detailed path (red one in 8a).

Figure 8: Example paths of Gemma3 (Hazards are highlighted with red circles).
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Figure 9: Example of model misidentifications
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E Impact of Chain-of-Thought on963

Inspection964

Chain-of-thought prompting is a highly effective965

prompting technique demonstrated in recent re-966

search. In the experiments in Section 4.2, we had967

the model directly output the identified safety haz-968

ards without any additional reasoning. We won-969

dered if allowing the model to analyze the situation970

before making a decision would improve inspection971

performance. Therefore, we designed a chain-of-972

thought experiment, where the model first analyzes973

the content in the current view and then outputs the974

result. The prompt used is shown in Figure . The975

changes in the model’s F1 score are shown in the976

table 8.977

Models F1

w/ w/o ∆

Qwen2.5-VL-7B 1.69 1.21 +0.48
InternVL2.5-4B 2.32 1.93 +0.39
InternVL2.5-8B 3.19 3.01 +0.18
Llama3.2-11B-V 10.86 9.16 +1.7

Gemma3-12B 11.62 10.23 +1.39
Qwen-VL-Max 3.02 2.44 +0.58

GPT-4o 7.36 6.67 +0.69

Table 8: The performance with (w/) and without (w/o)
CoT, and the corresponding difference between the two
paradigms (∆).

After using CoT, the Precision of all models im-978

proved, while the Recall varied, and overall, the979

F1 score improved to varying degrees. This indi-980

cates that CoT is beneficial for the model’s ability981

to correctly identify safety hazards. However, the982

impact of CoT on the model’s ability to inspect983

the entire room is not significant. The reason for984

this may be that CoT’s step-by-step analysis allows985

the model to consider which combinations of ob-986

jects constitute safety hazards, thus improving the987

accuracy of identification. However, it does not988

significantly affect the model’s ability to inspect989

the entire room. For some difficult-to-find object990

combinations, even with CoT, the model may still991

not be able to accurately locate them during inspec-992

tion, resulting in an insignificant improvement in993

Recall.994
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Figure 10: Prompt using in Chain-of-Thought
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