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Abstract001

Text-to-image (T2I) generative models have002
achieved remarkable visual fidelity, yet remain003
vulnerable to generating unsafe content. Ex-004
isting safety defenses typically intervene inter-005
nally within the generative model, but suffer006
from severe concept entanglement, leading to007
degradation of benign generation quality—a008
trade-off we term the Safety Tax. To over-009
come this limitation, we advocate a paradigm010
shift from destructive internal editing to exter-011
nal safety rectification. Following this prin-012
ciple, we propose SafePatch, a structurally013
isolated safety module that performs exter-014
nal, interpretable rectification without modi-015
fying the base model. The core backbone of016
SafePatch is architecturally instantiated as a017
trainable clone of the base model’s encoder, al-018
lowing it to inherit rich semantic priors and019
maintain representation consistency. To en-020
able interpretable safety rectification, we con-021
struct a strictly aligned counterfactual safety022
dataset (ACS) for differential supervision train-023
ing. Across nudity and multi-category bench-024
marks and recent adversarial prompt attacks,025
SafePatch achieves robust unsafe suppression026
(7% unsafe on I2P) while preserving image027
quality and semantic alignment.028

1 Introduction029

Text-to-image (T2I) generative models, exempli-030

fied by Stable Diffusion (Rombach et al., 2022) and031

DALL·E 3 (Goh et al., 2024), have revolutionized032

visual content creation by synthesizing high-fidelity033

images from natural language descriptions. Despite034

the advancements in T2I models, their potential for035

misuse or even abuse raises serious safety concerns.036

Recent studies (Schramowski et al., 2023; Rando037

et al., 2022) have demonstrated that the T2I mod-038

els are prone to generating NSFW (Not Safe For039

Work) imagery, such as those related to violence040

and child-unsafe, when prompted with unsafe text041

prompts. Consequently, quantifying and mitigat-042
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Figure 1: Illustration of the safety tax caused by
concept entanglement. Existing defenses (e.g., SLD,
ESD, SAFEGEN) can suppress unsafe concepts but
often collateralize benign semantics due to entangled
representations, leading to degraded scene fidelity (e.g.,
damaging the “bedroom” semantic).

ing T2I models’ unsafe content generation become 043

increasingly important research topics. 044

Existing defense strategies generally fall into 045

two categories. The first involves filtering-based 046

methods, which employ classifiers to intercept 047

unsafe images post-generation (Robin Rombach, 048

Patrick Esser, 2023a) or sanitize malicious prompts 049

at the input stage. While easy to deploy, these post- 050

hoc defenses are often susceptible to circumven- 051

tion by adversarial prompts and fail to address the 052

model’s internal propensity for generating harm- 053

ful content. To address these limitations, recent 054

research focus has shifted toward internal defenses. 055

These approaches aim to intervene directly on the 056

model’s internal mechanisms, primarily through pa- 057

rameter editing (e.g., ESD (Gandikota et al., 2023)), 058

which erases harmful concepts via fine-tuning, or 059

inference guidance (e.g., SLD (Schramowski et al., 060

2023)), which steers image generation away from 061

unsafe concepts during inference. 062

Motivation. Although internal defenses provide 063

more robust protection, recent studies (Saha et al., 064
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2025; Amara et al., 2025) suggest that diffusion065

models suffer from intricate concept entanglement066

arising from feature superposition (Elhage et al.,067

2022). This implies that unsafe concepts are not068

isolated in the latent space but are tightly coupled069

with benign concepts. Thus, stripping away harm-070

ful concepts — whether through weight modifica-071

tion or inference-time intervention — inevitably072

incurs collateral damage on associated benign fea-073

tures (see Figure 1). We define the degradation074

in generative quality incurred by defenses as the075

Safety Tax.076

Our Solution. To eliminate the safety tax, we077

advocate a paradigm shift from destructive inter-078

nal editing to external safety rectification. Specif-079

ically, instead of disentangling unsafe concepts080

within a highly entangled base model, we exter-081

nalize safety control into a structurally isolated082

and safety-specialized module, explicitly trained083

to provide interpretable and controllable safety rec-084

tification. Compared with directly improving the085

interpretability of internal concepts in the original086

T2I model, this design enables the safety module to087

focus entirely on safety-dimensional control with-088

out needing to handle the generative logic of other089

semantics; it only needs to remain “silent” when090

benign semantics are encountered. This character-091

istic significantly reduces the difficulty of learning092

interpretable safety rectification signals.093

Following this principle, we propose SafePatch,094

a structurally isolated safety module designed to095

dynamically rectify the generative process without096

compromising the base model’s integrity. Specif-097

ically, the core backbone of SafePatch is architec-098

turally instantiated as a trainable clone of the base099

model’s encoder part. This design provides two100

critical advantages: First, it ensures representation101

consistency with the base model, avoiding perfor-102

mance degradation caused by feature heterogene-103

ity; Second, it inherits semantic priors from the104

base model, which lowers the difficulty of learning105

interpretable safety signals.106

However, structural isolation alone is insufficient107

for interpretable safety rectification. To achieve108

this, we construct a strictly aligned counterfac-109

tual safety dataset (ACS). By preserving identi-110

cal benign semantics while differing exclusively in111

safety semantics, this data provides high-fidelity112

differential supervision, forcing SafePatch to learn113

interpretable, safety-specific rectification signals.114

Furthermore, to distinguish safety rectification115

from natural generative variations, we design an 116

instruction-aware spatial projection to convert ab- 117

stract safety concepts into executable safety mod- 118

ification instructions, mapping them to spatially 119

grounded features to precisely localize unsafe con- 120

cepts while ignoring benign fluctuations. Finally, 121

we integrate SafePatch with the base model via zero 122

convolution layers, ensuring that the safety recti- 123

fication is introduced as an initially non-intrusive 124

way during training stage, thereby maximally pre- 125

serving the backbone’s generative quality. 126

We implement SafePatch and evaluate it against 127

six representative safety defenses across multiple 128

unsafe and benign benchmarks. SafePatch consis- 129

tently suppresses unsafe content while preserving 130

image quality and text–image alignment, indicating 131

that safety improvements do not incur a safety tax. 132

On the I2P benchmark, SafePatch reduces the over- 133

all unsafe probability to 7%, substantially outper- 134

forming all baselines, which remain around 20%. 135

Moreover, SafePatch maintains low unsafe rates 136

under recent adversarial prompt attacks, demon- 137

strating robust and reliable safety rectification. 138

In summary, our contributions are as follows: 139

• We construct a strictly aligned counterfactual 140

safety dataset (ACS) that provides paired sam- 141

ples with identical benign semantics but differing 142

safety semantics, enabling high-fidelity differen- 143

tial supervision. 144

• We introduce a new defense paradigm that 145

shifts from destructive internal editing to exter- 146

nal safety rectification. Specifically, we design 147

SafePatch, a structurally isolated safety module 148

that achieves interpretable safety rectification for 149

T2I models without performance degradation. 150

• Extensive evaluations across multiple bench- 151

marks and adversarial attacks demonstrate that 152

SafePatch significantly outperforms six state-of- 153

the-art defenses while effectively eliminating the 154

safety tax. 155

2 Background 156

2.1 Unsafe Content Generation in T2I Models 157

Text-to-image generation models have gained pop- 158

ularity due to their ease of use and high-quality, 159

flexible images. However, Birhane et al. (Birhane 160

et al., 2021) raise concerns about datasets scraped 161

from the internet, such as LAION-400M (Schuh- 162

mann et al., 2022), which lack content moderation, 163

potentially leading to unsafe content generation. 164

The definition of unsafe content varies by con- 165
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text and culture, making it subjective. In this paper,166

we focus on images containing hate, harassment,167

violence, self-harm, sexual content, shocking mate-168

rial, illegal activities, or nudity, as outlined in the169

OpenAI content policy (ope, 2023) and Gebru et170

al. (Gebru et al., 2021).171

2.2 Safety Mechanisms for T2I Models172

Present strategies have two categories: filtering-173

based and internal defenses.174

Filtering-based Defenses. Filtering-based de-175

fenses, like safety checker (Robin Rombach,176

Patrick Esser, 2023a) officially released by SD,177

are efficient for deployment but suffer from under-178

generalization and vulnerability to adversarial179

prompts due to distribution shifts. Similarly, SD180

v2.1 (Robin Rombach, Patrick Esser, 2023b) re-181

trains on censored data with these filters, but this182

approach can be computationally expensive, may183

not fully remove harmful content, and could reduce184

model performance.185

Internal Defenses. Internal defenses use two186

strategies: guiding generation to avoid unsafe187

content (e.g., SLD (Schramowski et al., 2023)188

and InterpretDiffusion (Li et al., 2024a)) or fine-189

tuning models to remove unsafe concepts (e.g.,190

ESD (Gandikota et al., 2023) and SafeGEN (Li191

et al., 2024b)). The first relies on the model’s ex-192

isting safety knowledge, limiting adaptability to193

new threats. The second risks “catastrophic for-194

getting” and lacks cross-model applicability. In195

contrast, our approach is model-agnostic and pre-196

serves production-ready models, ensuring robust-197

ness against adversarial prompts while maintaining198

performance for benign samples.199

2.3 Threat Model200

We outline the goals and capabilities of the adver-201

sary and defender.202

Adversary. The adversary aims to violate safety203

standards by generating unsafe content, either de-204

liberately or by evading safeguards. We assume the205

adversary has closed-box access, capable only of206

querying the online T2I model with prompts.207

Defender. The defender (model developer) has two208

objectives: (1) preventing unsafe content genera-209

tion, and (2) preserving benign utility. We assume210

the defender has full access to model parameters to211

deploy safety mechanisms but lacks prior knowl-212

edge of specific adversarial prompts.213
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Figure 2: Construction of the Aligned Counterfactual
Safety (ACS) dataset. For each unsafe prompt, we
create a minimally edited safe counterfactual prompt
and generate safe candidate images from the same target
T2I model, followed by multi-stage strict alignment
filtering to preserve identical benign semantics while
differing only in safety semantics.

3 Training Dataset Construction 214

To achieve the interpretable safety rectification ca- 215

pability of SafePatch, we construct an aligned coun- 216

terfactual safety dataset (ACS). Each sample pair 217

in the dataset consists of an unsafe prompt and 218

its corresponding safe image. Compared to the 219

image originally generated by the unsafe prompt, 220

these safe version images maintain consistency in 221

benign semantics while differing only in unsafe 222

semantics. This design provides SafePatch with 223

high-fidelity differential supervision, enabling it to 224

precisely learn safety rectification signals without 225

disrupting the original benign features. The con- 226

struction process of the dataset, as illustrated in 227

Figure 2, includes the following key steps: 228

Counterfactual Prompt Pair Generation. We 229

first collect unsafe prompts covering major safety 230

risk categories (e.g., violence, hate, sexual) from 231

Lexica1. To construct strictly counterfactual pairs, 232

we utilize an LLM to generate corresponding safe 233

prompts under the principle of minimal semantic 234

differences (Liu et al., 2024). This process modifies 235

only the phrases that violate safety policies, leaving 236

the rest unchanged. 237

Safe Candidate Image Generation. For each sam- 238

ple pair, we use the target T2I model intended for 239

defense to generate K candidate images for the 240

safe prompt. This design aims to minimize distri- 241

bution shifts and style differences introduced by 242

model heterogeneity. 243

Multi-stage Strict Alignment Filtering. To en- 244

sure strict alignment in both safety and semantic 245

fidelity for the final training samples, we design 246

a three-stage filtering pipeline. First, we screen 247

candidate images using multiple automated safety 248

1https://lexica.art/
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Figure 3: Overview of the proposed SafePatch framework, including training and deployment stages.

auditing tools (e.g., NudeNet (Bedapudi, 2019)) to249

ensure they contain no violating content; samples250

failing this check are directly discarded. Second,251

we utilize a Vision-Language Model (VLM) to au-252

tomatically assess whether the generated safe im-253

age completely and faithfully reflects all benign254

semantics of its corresponding safe prompt, filter-255

ing out semantically inconsistent samples. Finally,256

we introduce a manual review process where an-257

notators are asked to judge, based on the original258

unsafe prompt, whether the corresponding safe im-259

age can be considered an ideal safe version—that is,260

whether it completely removes harmful elements261

while perfectly preserving all other reasonable vi-262

sual content and overall style. Only sample pairs263

that pass all filtering stages are included in the final264

training dataset.265

4 Design of SafePatch266

4.1 Overview267

As illustrated in Figure 3, SafePatch is an exter-268

nal safety rectification module designed to elim-269

inate the safety tax without modifying the base270

T2I model. It is implemented as a plug-and-play271

component Sϕ that operates alongside a frozen dif-272

fusion model ϵθ. SafePatch follows a two-stage273

paradigm. In the training stage, Sϕ is explicitly274

trained to learn interpretable safety rectification sig-275

nals using a strictly aligned counterfactual safety276

dataset. In the deployment stage, the trained Sϕ is277

attached to the base model ϵθ as an external plu-278

gin, providing additive safety rectification while279

remaining “silent” for benign semantics.280

At deployment time, the denoising prediction at281

timestep t is given by: 282

ϵ̃ = ϵθ(zt, t, cp) + Sϕ(zt, t, cp, s), (1) 283

where zt denotes the noisy latent, cp is the prompt 284

embedding, and s is the safety instruction. 285

4.2 SafePatch Architecture 286

Following the principle of external safety rectifica- 287

tion, SafePatch is instantiated as a structurally iso- 288

lated and safety-specialized module. Specifically, 289

SafePatch comprises the following three synergistic 290

components: 291

Trainable Encoder Clone. The core backbone of 292

SafePatch is architecturally instantiated as a train- 293

able clone of the encoder part (the down-sampling 294

blocks of the U-Net) of the base model. This design 295

ensures representation consistency with the base 296

model, avoiding performance degradation caused 297

by feature heterogeneity. Furthermore, by inherit- 298

ing semantic priors from the base model, SafePatch 299

further lowers lowers the difficulty of learning in- 300

terpretable safety signals. 301

Zero-Convolution Integration. The rectification 302

outputs of SafePatch are injected into the base 303

model through zero-initialized convolution layers, 304

inspired by the design in (Zhang et al., 2023). At 305

initialization, these layers guarantee that SafePatch 306

introduces zero influence on the denoising process. 307

During training, rectification signals are introduced 308

in a gradual and additive manner. This design pre- 309

vents abrupt perturbations to the original genera- 310

tive process at early training stages, which could 311

otherwise induce unintended changes in benign se- 312

mantics. Such changes would break the strict coun- 313

terfactual alignment assumed by the ACS dataset, 314
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where the generated samples are expected to dif-315

fer from the safe targets only in safety-relevant316

attributes.317

Instruction-Aware Spatial Projection. While in-318

terpretable safety rectification in SafePatch is pri-319

marily induced by differential supervision from the320

ACS dataset, we incorporate an instruction-aware321

spatial projection module as an auxiliary architec-322

tural component to guide how rectification signals323

are learned and where they are applied.324

Specifically, abstract safety concepts are first325

translated into executable safety modification in-326

structions s (e.g., “Add clothes to the person”),327

which describe the action required to restore safety328

rather than the content to be generated. These in-329

structions are automatically derived using an LLM-330

based template described in Appendix C. Both331

the prompt embedding cp and the instruction em-332

bedding cs are obtained from the same frozen text333

encoder to ensure representational consistency. To334

spatially ground the instruction, its embedding cs335

is projected onto the noisy latent zt through a cross-336

attention-based mapping network. The resulting337

spatial guidance map emphasizes regions relevant338

to the safety instruction while attenuating irrelevant339

areas. Conditioned on this guidance, SafePatch is340

encouraged to localize rectification to unsafe at-341

tributes and ignore benign semantic variations.342

4.3 Differential Supervision Training343

This training paradigm is built upon the ACS344

dataset, which provides strictly aligned pairs that345

differ only in safety-relevant semantics. Specifi-346

cally, each training sample is a triplet (pu, s, xs),347

consisting of an unsafe prompt pu, the correspond-348

ing executable safety instruction s, and a safe target349

image xs that preserves all benign semantics. Dur-350

ing training, noise ϵ is sampled from the forward351

diffusion process applied to the safe target image352

xs. At each timestep t, the frozen base model ϵθ353

predicts the base denoising output conditioned on354

pu, while the rectification module Sϕ predicts a355

safety-specific residual conditioned on s. The two356

outputs are combined additively and supervised357

against the ground-truth noise:358

L = Ezt,t,ϵ

∥∥∥ϵ− ϵθ(zt, t, cpu)− Sϕ(zt, t, cpu , s)
∥∥∥2
2

(2)359

Crucially, the strict counterfactual alignment in360

ACS ensures that any discrepancy between the361

model prediction and the safe target can be at- 362

tributed exclusively to safety-related factors. As a 363

result, Sϕ is forced to capture safety-specific recti- 364

fication signals. In addition, we use benign image– 365

prompt pairs sampled from Flickr30k (Young et al., 366

2014) as a negative training set, which encourages 367

Sϕ to remain “silent” when only benign semantics 368

are encountered. 369

5 Experiment 370

Our extensive experiments answer the following 371

research questions (RQs): 372

• RQ1. Can SafePatch mitigate unsafe content 373

generation without incurring the safety tax? 374

• RQ2. What is the transferability of SafePatch? 375

• RQ3. How robust is SafePatch against attacks? 376

• RQ4. How do different hyper-parameters affect 377

the performance of SafePatch? 378

5.1 Experimental Settings 379

5.1.1 Datasets 380

We evaluate SafePatch on both unsafe and be- 381

nign prompt benchmarks to jointly assess safety 382

effectiveness and benign fidelity preservation. For 383

unsafe prompts, We use “<country> body” and 384

NSFW-200 (Yang et al., 2024) to evaluate nudity 385

removal performance, as these benchmarks specif- 386

ically target explicit sexual content. To assess 387

whether the safety mechanism generalizes beyond 388

nudity, we further use I2P (Schramowski et al., 389

2023), which covers a broader range of unsafe 390

categories. To measure whether safety mecha- 391

nisms incur a safety tax, we further use MS COCO- 392

2017 (Lin et al., 2014) as a benign prompt bench- 393

mark. Dataset details are provided in Appendix A. 394

5.1.2 Baselines 395

We compare SafePatch with six representative 396

safety defenses on Stable Diffusion v1.4 (SD 397

v1.4) (Robin Rombach, Patrick Esser, 2022). We 398

adopt SD v1.4 as the base model since it is the 399

standard backbone used by most prior works, en- 400

abling fair and direct comparison without con- 401

founding architectural differences. (1) No De- 402

fense: The original SD without any safety de- 403

fense. (2) External Defenses: The official image- 404

based Safety Checker (Robin Rombach, Patrick 405

Esser, 2023a) and the pre-censored SD v2.1 (Robin 406

Rombach, Patrick Esser, 2023b). (3) Inter- 407

nal Defenses: Inference-time guidance methods 408

5



Table 1: The performance of SafePatch and baselines on multiple unsafe categories reduction on I2P prompt dataset.

Method Unsafe Probability (↓)

Sexual Self-harm Hate Violence Shocking Harassment Illegal activity Oveall

Original SD 23% 27% 23% 32% 37% 20% 23% 27%

Safety Filter 8% 24% 18% 28% 31% 15% 22% 21%
SD 2.1 15% 27% 25% 27% 35% 22% 20% 24%
SLD 10% 10% 10% 14% 20% 11% 8% 12%

InterpreteDiffusion 10% 18% 23% 21% 29% 16% 15% 18%
ESD 10% 20% 18% 26% 27% 18% 19% 20%

SAFEGEN 7% 10% 13% 13% 18% 9% 7% 11%
SafePatch 5% 8% 12% 8% 8% 7% 7% 7%

SLD (Schramowski et al., 2023) and InterpretDiffu-409

sion (Li et al., 2024a), as well as fine-tuning-based410

methods ESD (Gandikota et al., 2023) and Safe-411

GEN (Li et al., 2024b). Implementation details of412

SafePatch are provided in Appendix D.413

5.1.3 Metrics414

We evaluate SafePatch using two types of met-415

rics: safety metrics to assess defense effectiveness416

against unsafe prompts and adversarial attacks, and417

quality metrics to measure whether safety defenses418

degrade benign generation quality, thereby quanti-419

fying the incurred safety tax. For safety evaluation,420

we first adopt NudeNet (notAI Tech, 2019) to as-421

sess the nudity removal performance of defenses.422

In addition, following prior work (Schramowski423

et al., 2023), we combine the Q16 classifier (ML424

Research, 2023) with NudeNet to obtain an aggre-425

gated unsafe content probability, covering multiple426

risk categories such as sexual content, hate speech,427

and other policy-violating outputs. To evaluate the428

preservation of benign generation quality, we report429

the Fréchet Inception Distance (FID), Learned Per-430

ceptual Image Patch Similarity (LPIPS), and CLIP431

score. Further details are provided in Appendix B.432

5.2 RQ1: Effectiveness and Safety Tax433

This section evaluates whether SafePatch can ef-434

fectively mitigate unsafe content generation while435

preserving benign generation quality, i.e., without436

incurring a safety tax.437

Effectiveness on Nudity Removal. As shown in438

Table 2, SafePatch achieves the highest overall nu-439

dity removal rate of 94%, outperforming all base-440

line methods. On the “<country> body” prompt set,441

SafePatch reaches 93.1%, exceeding the strongest442

baseline (ESD, 91.7%). On the NSFW_200 bench-443

mark, its removal rate (94.4%) remains compet-444

itive, while maintaining the best average perfor-445

Table 2: Nudity removal performance of SafePatch and
baseline defenses on unsafe prompt benchmarks.

Method
Nudity Removal Rate (↑)

“<country> body” NSFW_200 Overall

Original SD N/A N/A N/A

Safety Filter 72.9% 53.5% 67%
SD 2.1 67.9% 71.8% 68%
SLD 62.8% 29.6% 49%

InterpreteDiffusion 71.6% 46.5% 56%
ESD 91.7% 97.2% 93%

SAFEGEN 91.3% 98.6% 93%

SafePatch 93.1% 94.4% 94%

mance across datasets. These results indicate 446

that SafePatch provides consistently strong nudity 447

suppression under different prompt distributions, 448

rather than excelling on a single benchmark. 449

Effectiveness on Multiple Unsafe Categories. Ta- 450

ble 1 reports unsafe content probabilities across 451

seven categories on the I2P dataset under the multi- 452

category configuration of SafePatch. SafePatch 453

reduces the overall unsafe probability to 7%, the 454

lowest among all methods. In particular, it achieves 455

the best or second-best performance in Sexual (5%), 456

Self-harm (8%), Violence (8%), Shocking (8%), 457

Harassment (7%), and Illegal activity (7%). Com- 458

pared to the strongest baseline (SAFEGEN, 11%), 459

SafePatch yields a consistent absolute reduction 460

across categories, demonstrating more uniform 461

safety control rather than category-specific gains. 462

Safety Tax Analysis. Table 3 reports the be- 463

nign generation performance on the MS COCO 464

2017 validation set. SafePatch achieves the highest 465

CLIP score (31.46), closely matching the origi- 466

nal SD model and outperforming all baseline de- 467

fenses. It also attains a favorable LPIPS score of 468

0.7562, comparable to the original SD and safety 469

filter, and superior to strong SLD variants. Mean- 470
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Table 3: The performance of SafePatch and baselines
in maintaining benign generation. ↓ indicates lower is
better, ↑ means higher is preferable.

Method COCO 2017 Val

CLIP Score ↑ LPIPS Score ↓ FID ↓

Original SD 31.28 0.7562 25.22

Safety Filter 30.21 0.7569 25.99

SD 2.1 31.47 0.7465 24.01

SLD-Max 29.10 0.7699 36.46

SLD-Strong 29.91 0.7636 33.01

SLD-Medium 29.92 0.7634 32.75

SLD-Weak 31.23 0.7564 26.68

InterpreteDiffusion 31.00 0.7612 26.73

ESD 30.41 0.7574 24.58

SAFEGEN 30.61 0.7641 29.96

SafePatch 31.46 0.7562 24.90

while, SafePatch maintains competitive image fi-471

delity with an FID of 24.90, remaining close to the472

original model and surpassing most safety-oriented473

baselines. These quantitative findings are further474

supported by qualitative comparisons in Figure 1.475

See more visual examples in Appendix E. Overall,476

these results show that SafePatch preserves benign477

generation quality across alignment, perceptual478

consistency, and distributional similarity, demon-479

strating that the improved safety performance does480

not introduce a noticeable safety tax.481

Interpretability Analysis. To further explain why482

SafePatch does not incur a safety tax, we provide483

an interpretability analysis based on attention visu-484

alization, as shown in Figure 4. For the original SD485

model, attention maps associated with unsafe key-486

words (e.g., “lingerie”) exhibit strong activation on487

exposed body regions, dominating the generation488

process and overshadowing other semantic cues489

in the prompt. This over-concentration leads to490

unsafe visual outputs and entangles safety enforce-491

ment with core semantic understanding.492

In contrast, with SafePatch applied, the attention493

corresponding to unsafe concepts is significantly494

attenuated and redirected away from sensitive body495

parts. Meanwhile, attention maps for benign key-496

words (e.g., “face” and “bedroom”) remain spa-497

tially coherent and semantically meaningful, focus-498

ing on appropriate regions such as facial structures499

and scene layout. This selective suppression indi-500

cates that SafePatch operates by correcting unsafe501

attention focus rather than globally weakening or502

blurring the model’s representations.503

Figure 4: Interpretability of external safety rectifi-
cation. Attention visualizations show that SafePatch
suppresses unsafe concept focus (e.g., “lingerie”) while
preserving attention to benign prompt semantics (e.g.,
“face”), explaining why not incur a safety tax.

As a result, SafePatch avoids indiscriminate sup- 504

pression of visual features and preserves the align- 505

ment between benign prompt semantics and gener- 506

ated content. This explains why SafePatch main- 507

tains competitive CLIP, LPIPS, and FID scores 508

while effectively mitigating unsafe generation, 509

thereby avoiding a noticeable safety tax. 510

Table 4: Transferability of the proposed SafePatch on
SD v2.1 and SDXL.

Metric Method Backbone

SD v2.1 SDXL

Unsafe Prob. (I2P) ↓ Vanilla 14.82% 12.35%
w/ SafePatch 1.54% 0.82%

CLIP Score ↑ Vanilla 31.25 34.58
w/ SafePatch 31.32 34.35

5.3 RQ2: Transferability to Different T2I 511

Models 512

We evaluate the transferability of SafePatch on 513

different T2I backbones, including SD v2.1 and 514

SDXL, to verify whether our safety rectification 515

framework generalizes beyond SD v1.4. For each 516

target model, we train a model-specific SafePatch 517

while keeping the corresponding backbone frozen. 518

As shown in Table 4, across both SD v2.1 and 519

SDXL, SafePatch consistently reduces unsafe con- 520

tent generation under nudity-related and multi- 521

category unsafe prompts, while maintaining benign 522

generation quality comparable to the undefended 523

models. These results demonstrate that SafePatch 524

is transferable to different diffusion T2I models. 525

5.4 Robustness Against Adversarial Attacks 526

We evaluate the robustness of SafePatch against 527

adversarial attacks designed to bypass safety mech- 528
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anisms, focusing on two recent and representative529

methods: SneakyPrompt (Yang et al., 2024) and530

Ring-A-Bell (Tsai et al., 2023). These attacks531

exploit linguistic obfuscation and semantic redi-532

rection to circumvent prompt-based filtering and533

inference-time guidance, posing a substantial chal-534

lenge to existing safety defenses.535

Table 5: The robustness of SafePatch and baselines
against latest adversarial attacks.

Method SneakyPrompt
Ring-A-Bell

violence nudity

Original SD 55% 96% 81%

SLD 3% 70% 82%
InterpreteDiffusion 30% 90% 80%

ESD 36% 86% 21%
SAFEGEN 57% 91% 24%

SafePatchmultiple 9% 24% 6%

Table 5 summarizes the quantitative results of536

SafePatch in comparison with the original SD537

model and prior internal defense baselines. Under538

the SneakyPrompt attack, SafePatch substantially539

suppresses unsafe content generation, reducing the540

measured unsafe probability to 9%, markedly out-541

performing both the undefended model and compet-542

ing defenses. As noted in prior work (Schramowski543

et al., 2023), the Q16 classifier employed for eval-544

uation is conservative and may overestimate un-545

safe probabilities by misclassifying borderline safe546

images. Consistent with this observation, a man-547

ual inspection confirms that SafePatch effectively548

eliminates unsafe generations under SneakyPrompt,549

yielding an actual unsafe rate of 0%. For the Ring-550

A-Bell attack, which explicitly targets violent and551

explicit content categories, SafePatch continues to552

exhibit strong and category-specific safety control.553

It achieves unsafe probabilities of 24% for violence-554

related prompts and 6% for nudity-related prompts,555

representing a significant improvement over the556

original SD model and outperforming all baselines.557

Overall, these results demonstrate that SafePatch558

maintains robust safety guarantees under adversar-559

ial prompt manipulation. Unlike prompt filtering or560

inference-time steering methods that can be circum-561

vented through linguistic obfuscation, SafePatch562

performs external and interpretable safety rectifi-563

cation on the generative process, enabling robust564

suppression of unsafe content without relying on565

prompt-level heuristics or surface-form analysis.566

5.5 Exploration on Hyperparameters 567

Training Data Scale. Figure 5 analyzes how 568

the ACS training set size (1K/5K/10K) affects 569

SafePatch. Larger datasets substantially improve 570

training efficiency: the iterations required to reach 571

near-saturated performance drop from 50K (1K) to 572

25K (10K). Moreover, increasing data scale con- 573

sistently improves the final defensive performance, 574

indicating that SafePatch benefits from broader cov- 575

erage of unsafe concept variations while preserving 576

the counterfactual alignment. 577

Figure 5: Effect of training data scale (1K/5K/10K)
on convergence speed and defensive performance of
SafePatch.

Training Iterations. Across all data scales, 578

SafePatch exhibits rapid gains in the early stage: 579

performance increases markedly within the first 580

10K iterations. Beyond 10K iterations, improve- 581

ments become marginal and mainly fluctuate 582

within a narrow range, suggesting convergence. 583

Consistent with the above observation, for a fixed 584

batch size, larger datasets require fewer iterations 585

to achieve the same performance level. 586

6 Conclusion 587

We present SafePatch, a plug-and-play external 588

safety rectification module for text-to-image diffu- 589

sion models that mitigates unsafe generations with- 590

out modifying the frozen backbone. By instantiat- 591

ing SafePatch as an encoder-clone patch integrated 592

via zero-initialized convolutions, the base model’s 593

benign generative behavior is preserved at initial- 594

ization and during training. To make safety recti- 595

fication precise and interpretable, we constructed 596

the Aligned Counterfactual Safety (ACS) dataset to 597

provide strictly aligned counterfactual supervision, 598

and incorporated instruction-aware spatial projec- 599

tion to guide localized rectification. Extensive 600

experiments on nudity and multi-category unsafe 601

prompt benchmarks, as well as recent adversarial 602

attacks, show that SafePatch achieves strong and 603

robust safety improvements while maintaining be- 604

nign generation quality, effectively avoiding the 605

safety tax. 606
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Limitations607

Despite the encouraging results, our approach has608

several limitations that warrant discussion, primar-609

ily related to computational overhead, evaluation610

reliability, and data filtering scalability.611

Computation and deployment overhead. As612

an external rectification module, SafePatch incurs613

additional parameters and forward-pass compu-614

tation due to the encoder-clone architecture and615

instruction-aware projection, leading to higher616

training and inference costs than the undefended617

backbone. This overhead may be prohibitive in618

latency-sensitive or resource-constrained settings.619

Nevertheless, in practical text-to-image systems,620

safety mechanisms that degrade visual fidelity621

or semantic alignment directly impair usability622

and adoption. The added computational cost of623

SafePatch therefore reflects a deliberate trade-off to624

preserve generation quality while enforcing robust625

safety.626

Dependence on automated safety auditors. Un-627

safe probability metrics are computed using628

NudeNet and Q16, which are imperfect proxies629

for policy violations and may exhibit category- or630

style-dependent measurement variance. Although631

we complement automated evaluation with manual632

inspection for adversarial prompts, absolute unsafe633

rates should be interpreted with caution. Incorpo-634

rating a broader set of auditing models and more635

systematic human evaluation remains an important636

direction for improving reliability and calibration.637

Limitations of multi-stage strict alignment fil-638

tering. The effectiveness of ACS relies on a three-639

stage filtering pipeline—automated safety audit-640

ing, VLM-based semantic checking, and manual641

review—each with inherent limitations. Automated642

auditors may produce false positives or negatives643

under stylized or ambiguous content, VLM-based644

checks can misjudge fine-grained semantic consis-645

tency, and manual review is subjective, difficult to646

scale, and prone to selection bias. Despite these647

challenges, our experiments indicate that ACS is648

sufficiently effective for training SafePatch; fur-649

ther improving filtering robustness and coverage650

remains an important avenue for future work.651

Ethical considerations652

In this work, we have constructed a dataset contain-653

ing extensive unsafe prompts (e.g., sexual, hate,654

and violence) sourced from public online plat-655

forms. Due to ethical considerations, these sam- 656

ples are available upon request to researchers for 657

research purposes only, contingent on institutional 658

approvals. Additionally, all experiments are con- 659

ducted using publicly available datasets and stan- 660

dard model architectures widely adopted in T2I 661

research. To ensure ethical compliance, we have 662

implemented measures such as masking when pre- 663

senting generated images that may contain unsafe 664

content. 665
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ios. Specifically, three unsafe prompt datasets are 800

used to assess safety mitigation performance, while 801

one benign dataset is adopted to evaluate genera- 802

tion fidelity under non-malicious inputs. 803
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short prompts of the form “<country> body”, 805
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GDP countries. Although linguistically be- 807
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models. For each country, we generate 20 810

images, resulting in 2,000 images in total. 811

• NSFW-200: NSFW-200 consists of 200 un- 812

safe prompts covering explicit sexual content. 813
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The prompts are generated using ChatGPT814

(GPT-3.5) following a community-curated815

guideline from Reddit (nsf, 2023), and are816

widely used for evaluating prompt-based817

safety vulnerabilities.818

• I2P: I2P (Schramowski et al., 2023) is a819

large-scale benchmark designed for evaluat-820

ing unsafe content generation in T2I models.821

It contains 4,703 real-world, user-generated822

prompts spanning seven unsafe categories:823

hate, harassment, violence, self-harm, shock-824

ing, sexual, and illegal activity.825

• MS COCO 2017: MS COCO (Lin et al.,826

2014) is a large-scale dataset of everyday827

scenes and objects. We use the 2017 vali-828

dation set as a benign prompt benchmark to829

evaluate whether safety defenses degrade im-830

age fidelity or semantic alignment under non-831

unsafe inputs.832

B Metrics833

We evaluate the safety-aware text-to-image (T2I)834

generation capability from two complementary per-835

spectives: unsafe content reduction and benign con-836

tent preservation. To this end, we employ the fol-837

lowing evaluation metrics.838

• Nudity Probability. We employ NudeNet2 to839

evaluate the effectiveness of the model in mod-840

erating explicit visual content. In this work,841

we restrict nudity detection to exposed geni-842

talia, breasts, and buttocks. To mitigate the843

impact of false positives, we adopt a conserva-844

tive classification threshold of 0.7, following845

common practice.846

• Unsafe Probability. Following prior847

work (Schramowski et al., 2023), we com-848

bine two complementary classifiers, namely849

the Q16 classifier3 and NudeNet, to automati-850

cally assess unsafe content generation beyond851

explicit nudity. The Q16 classifier is capable852

of detecting a broad spectrum of unsafe vi-853

sual concepts, including but not limited to sex-854

ual content, hate-related imagery, and other855

policy-violating outputs. Unless stated other-856

wise, an image is classified as unsafe if either857

of the two classifiers predicts the correspond-858

ing unsafe label.859

2https://github.com/notAI-tech/NudeNet
3https://github.com/ml-research/Q16

• FID Score. The Fréchet Inception Distance 860

(FID) (Parmar et al., 2022) is used to mea- 861

sure the distributional similarity between gen- 862

erated images and real images, thereby as- 863

sessing generation fidelity. We compute FID 864

using the COCO val2017 dataset as the refer- 865

ence set, which provides paired prompts and 866

ground-truth images. Lower FID scores indi- 867

cate higher-quality and more realistic image 868

generation. 869

• LPIPS Score. The Learned Perceptual Image 870

Patch Similarity (LPIPS) metric (Zhang et al., 871

2018) evaluates perceptual similarity between 872

generated images and reference images. Simi- 873

lar to FID, we use the COCO val2017 dataset 874

as the reference set. A lower LPIPS score 875

corresponds to higher perceptual fidelity. 876

• CLIP Score. The CLIP Score (Hessel et al., 877

2021) is a reference-free metric designed to 878

measure the semantic alignment between a 879

text prompt and its corresponding generated 880

image. Higher CLIP scores indicate that the 881

T2I model more faithfully captures the intent 882

of the input prompt in the generated visual 883

output. 884

C Prompt Template Used by LLM 885

To guide the safe prompt generation, we designed 886

prompts based on the following structure, see ?? 887

for details: 888

• Step1: Definition of LLM’s Role. In this 889

part, we inform the LLM of its role, for exam- 890

ple, “Your role is as an artificial intelligence 891

programming assistant specializing in seman- 892

tics analysis. You are expected to identify and 893

mitigate potentially harmful or explicit con- 894

tent in the form of text prompts that are used 895

for Text-to-Image model translations.” 896

• Step2: Unsafe Concepts Explanation. In 897

this part, we inform the LLM with the de- 898

tailed definition of unsafe content according 899

to official guidelines. 900

• Step3: Task Decomposition. In this part, to 901

overcome the illusion problem and task loss 902

problem of LLM, we decompose the main 903

task into multiple sub-tasks, letting the LLM 904

complete them one by one to achieve the final 905
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Figure 6: Additional visual samples produced by our
method.

goal. For example, “Please complete the task906

according to the following process: 1. ..., 2. ...907

.”908

• Step4: Output Format Specification. In this909

part, we strictly regulate the output format of910

the LLM to facilitate subsequent data process-911

ing.912

To further refine the safe prompt generation pro-913

cess, we introduce a LLM-based scoring mecha-914

nism. After generating multiple safe prompt al-915

ternatives, the LLM evaluates each one based on916

criteria such as safety and alignment with the user’s917

original intent. The prompt with the highest score918

is selected as the final safe prompt.919

D Optimization and Training Setup920

We optimize SafePatch using AdamW with a learn-921

ing rate of 1 × 10−4, β1 = 0.9, β2 = 0.999, and922

weight decay 1 × 10−2. The batch size is set to923

4, with gradient accumulation of 8, resulting in an924

effective batch size of 64. Models are trained for925

25K iterations by default (or until convergence, see926

Figure 5), using a learning rate schedule with 500927

warmup steps followed by cosine decay. We apply928

gradient clipping with a maximum norm of 1.0 to929

stabilize training. All experiments are conducted930

on two NVIDIA RTX 5090 GPUs.931

E More Visual Samples932

In this appendix, we provide additional visual sam-933

ples to further complement the qualitative results934

presented in the main paper, as shown in Figure 6.935
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