When Safety Collides: Resolving Multi-Category Harmful Conflicts in
Text-to-Image Diffusion via Adaptive Safety Guidance

Supplementary Material

Overview:

* In Appendix A, we provide a comprehensive analysis of
harmful conflicts, including the formal definition of the
the Category-wise Directional Retention Ratio (CDRR)
(Appendix A.1), extended results on conflict visualization
(Appendix A.2), and additional experiments on safety
degradation in different settings (Appendix A.3).

e In Appendix B, we present the full versions of our
Conflict-aware Adaptive Safety Guidance algorithms for
both latent-space and text-space safeguards.

* In Appendix C, we provide additional implementation de-
tails, including datasets, harmful keyword sets, evaluation
metrics, classifier settings, and hyperparameters.

* In Appendix D, we conduct further experiments and anal-
yses, including hyperparameter analysis (Appendix D.1),
robustness to keyword variants (Appendix D.2), category-
wise safety analysis (Appendix D.3), visualization analy-
sis (Appendix D.4), more qualitative results (Appendix
D.5), and efficiency analysis (Appendix D.6).

* In Appendix E, we analyze the impact of CASG on con-
tent shift under different request scenarios.

A. Harmful Conflicts

A.1. Category-wise Directional Retention Ratio

To quantify how much the aggregated safety direction re-
tains the contribution from each harmful category during
the denoising process, we introduce the Category-wise Di-
rectional Retention Ratio (CDRR). This metric measures
the degree to which the overall multi-category safety di-
rection aligns with each category-specific direction at ev-
ery timestep. By capturing how much of each category’s
guidance is preserved or suppressed within the aggregated
vector, CDRR directly reveals the attenuation effects intro-
duced by multi-category aggregation.

Definition. Let g9**!! denote the aggregated safety direc-
tion at timestep ¢, and let ggk) denote the safety direction
associated with harmful category k. Since our goal is to
measure how much of the aggregated direction is retained
from each category, we first normalize each category direc-
tion to remove the influence of vector magnitude and ensure
that the metric depends on directional alignment:
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We then estimate the contribution of category k by pro-

jecting the aggregated direction onto the normalized cate-
gory direction. To capture both the magnitude and the ori-
entation (alignment vs. opposition) of this contribution, we
use the signed projection:
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We then express this contribution as a proportion of
the aggregated direction, yielding the Category-wise Direc-
tional Retention Ratio:
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Usage. The CDRR metric is applied in Section 3.2 to quan-
tify cross-category attenuation and identify cases where the
aggregated safety direction suppresses or opposes category-
specific directions. A larger positive CDRREM indicates
that the aggregated direction strongly aligns with category
k, a value close to zero indicates little retention, and a nega-
tive value indicates opposing directions. Additional visual-
ization and extended results are provided in Appendix A.2.

A.2. Conflict Visualization

In this section, we provide extended visualizations to com-
plement the analyses presented in the main paper. These
results further demonstrate that harmful conflicts manifest
consistently across prompts, harmful categories, timesteps,
and even across both latent-space and text-space safeguards.

Directional Inconsistency across Categories. To expand
upon Figure 2 in the main paper, we visualize category-wise
safety directions under a broader set of conditions.

In the latent space, we compute the safety direction for
each harmful category following the formulation: at each
timestep, the category-wise safety direction is obtained by
subtracting the prompt-conditioned noise prediction from
the harmful-conditioned noise prediction. This corresponds
to the shift that steers the denoising trajectory away from
the harmful semantic. Each direction vector is projected
onto the top three principal components (PCA [33]) for vi-
sualization. As shown in Figure 6, we include: (i) multiple
prompt types spanning sexual and violence categories, and
(ii) finer-grained timesteps throughout the denoising trajec-
tory. Across all prompts and timesteps, we observe per-
sistent directional divergence among categories, confirming
that the inconsistency observed is a systematic phenomenon
of safety guidance in latent space.
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Figure 6. Cross-Category Directional Conflict in latent space under sexual and hate prompts. Each arrow represents a category-wise safety
direction projected into the top three PCA dimensions. Directions from different categories intersect or oppose one another, and these
relationships evolve across timesteps, indicating dynamic harmful conflicts.

In the text space, we compute the safety direction for
each harmful category following the SAFREE [52]: instead
of steering the denoising trajectory via classifier-free guid-
ance, SAFREE removes harmful semantics by projecting
the prompt embedding onto the orthogonal complement of
each harmful subspace. The effective safety direction can
therefore be interpreted as the residual between the original
prompt embedding and its projected embedding. For visu-
alization, we treat these residual vectors as category-wise
safety directions and project them onto the top three prin-
cipal components (PCA [33]). As shown in Figure 7, we
include both sexual and violence prompts. Across prompts,
the residual directions exhibit the same cross-category di-
vergence observed in latent space: category-wise directions
remain misaligned, often pointing toward incompatible or
opposing orientations. This demonstrates that directional
inconsistency across categories is not exclusive to latent-
space steering but also emerges in text-space safeguards.

Directional Attenuation during Aggregation. Using the
same procedure for computing category-wise safety direc-
tions described above, we analyze how multi-category ag-
gregation weakens or suppresses the influence of individ-
ual harmful categories. For each prompt, category, and
timestep, we first obtain the category-wise safety directions
in latent space, and then aggregate multiple harmful cate-
gories into a single safety direction. We quantify the con-
tribution of each category to the aggregated direction using
the Category-wise Directional Retention Ratio (CDRR), as
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Figure 7. Cross-Category Directional Conflict in text space under
sexual and hate prompts. Each arrow represents a category-wise
safety direction projected into the top three PCA dimensions. Di-
rections from different categories intersect or oppose one another.

defined in Appendix A.l. As shown in Figure 8, the re-
tention ratios reveal substantial attenuation across prompts
and timesteps: the contribution of certain categories (e.g.,
sexual) is sharply reduced after aggregation. These patterns
confirm that heterogeneous safety directions partially can-
cel one another during aggregation.

A.3. Safety Degradation

To validate safety degradation across diverse settings, we
conduct additional experiments for different harmful key-
word definitions, different safety-guidance methods, and
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Figure 8. Aggregated Directional Attenuation in latent space. The horizontal axis shows diffusion timesteps, the vertical axis lists harmful
categories. Color intensity indicates category-wise directional retention (CDRR, darker means higher retention

different base models. For all experiments, we adopt a con-
sistent evaluation protocol and report harmful rates across
settings to assess the safety degradation arising from harm-
ful conflicts.

Evaluation Setup. We sample 500 sexual related prompts
and 500 violence related prompts from T2VSafetyBench.
Safety guidance is applied across different settings, and
generated images are evaluated using: (i) the NudeNet de-
tector [29] (an image is considered harmful if any exposed-
element probability exceeds 0.5) for prompts related to sex-
ual content, and (ii) the Q16 classifier [38] for harmfulness
evaluation on violence-related prompts.

Different Harmful Keyword Definitions. To examine
whether safety degradation persists under different granu-
larities of harmful keyword definitions, we evaluate three
configurations of harmful keywords. These variations allow
us to test whether harmful conflicts arise from the inherent
interaction among categories rather than from the specific
wording or granularity of harmful terms.

* We use the default 7-categories, 20-keywords set adopted
by SLD, which serves as our baseline.(“hate, harassment,
violence, suffering, humiliation, harm, suicide, sexual,
nudity, bodily fluids, blood, obscene gestures, illegal ac-
tivity, drug use, theft, vandalism, weapons, child abuse,
brutality, cruelty”)

* We construct an coarse keyword set consisting solely of
the category names, representing the coarsest level of
harmful semantic specification. (“hate, harassment, vi-
olence, self-harm, sexual content, disturbing content, il-
legal activity”)

e We create a fine-grained keyword set using GPT-
generated descriptive phrases for each harmful category,
yielding 42 keywords with finer-grained semantic cover-
age. (“hate, racism, discrimination, homophobia, xeno-
phobia, slur, harassment, bullying, stalking, doxxing,
threats, intimidation, violence, assault, murder, blood,
brutality, cruelty, self-harm, suicide, depression, over-
dose, cutting, hopelessness, sexual, nudity, pornography,
explicit, obscene gestures, fetish, disturbing, gore, suffer-
ing, humiliation, torture, shocking images, illegal activity,
drug use, fraud, theft, vandalism, weapons™)

As shown Table 4, all three settings consistently exhibit
both Safety Misalignment Degradation (when applying mis-
matched harmful categories) and Safety Averaging Degra-
dation (when aggregating multiple categories). The consis-
tency of these degradation patterns across coarse, default,
and fine-grained keyword definitions confirms that harm-
ful conflicts are fundamentally induced by multi-category
misalignment and aggregation, independent the particular
choice of harmful keywords.

Different Safeguard. To evaluate whether safety degrada-
tion is tied to a particular safeguard mechanism, we exam-
ine both latent-space and text-space guidance strategies. In
the main paper, our analysis focuses on SLD, which oper-
ates by steering the denoising trajectory in latent space us-
ing harmful and prompt-guided noise predictions. Here, we
extend the evaluation to SAFREE [52], a text-space safe-
guard that removes harmful semantics via orthogonal pro-
jection of the prompt embedding. As shown in Table 5,
we observe the same degradation patterns under SAFREE,
confirming that safety degradation is not tied to latent-space
guidance alone but also emerges in text-space safeguards.

Different Basemodel. We further evaluate safety degrada-
tion on SDv3 (DiT-based structure [10]). As shown in Table
6, SDv3 exhibits the same two forms of safety misalignment
and averaging degradation observed in SDv1.5. When given
the sexual-content prompt, using “hate” yields substantially
weaker harmful suppression than using the correct “sexual”
category, highlighting strong cross-category misalignment
degradation. Meanwhile, aggregating multiple categories
weakens category-specific safety strength, producing higher
harmful rates than single-category guidance. These results
demonstrate that harmful conflicts and safety degradation
persist not only in SDv1.5 but also across more advanced
architectures such as SDv3.

B. Algorithm

In this section, we provide the full algorithmic formulation
of our Conflict-Aware Safety Guidance (CASG) framework
for both latent-space and text-space safeguards. For latent-
space guidance, CASG integrates with SLD by selecting
the harmful category whose safety direction is most aligned



Table 4. Safety degradation under three harmful keyword settings: Default (20 keywords), Coarse (7 keywords), and Fine-grained (42
GPT-generated keywords). We report harmful rates on sexual and violence prompts. Values in brackets denote the change relative to the

baseline, and the best safety performance is underlined.

Default Keywords

Coarse Keywords Fine-Grained Keywords

Safeguard Category Prompt with  Prompt with Prqmpt with  Prompt with Prompt with  Prompt with
sexual prompt sexual prompt sexual prompt
Baseline (SDv1.5 [37]) \ 67.2 52.8 \ 67.2 52.8 \ 67.2 52.8
Safety Misalignment Degradation
72.4 (+5.2) 34.6 (-18.2) 727 (45.5) 34.6 (-18.2) 67.4 (+0.2) 20.4 (-32.4)
sexual 3.2 (-64.0) 26.4 (-26.4) 12.2 (-55.0) 34.8 (-18.0) 2.8 (-64.4) 24.6 (-28.2)
59.4 (-7.8) 6.2 (-46.6) 32.9 (-34.3) 12.2 (-40.6) 58.2 (-9.0) 5.8 (-47.0)
64.6 (-2.6) 18.6 (-34.2) 64.6 (-2.6) 34.6 (-18.2) 66.6 (-0.6) 19.4 (-33.4)
Safety Averaging Degradation
+ sexual 5.8 (-64.1) 20.4 (-32.4) 18.6 (-48.6)  23.8(-29.0) 28.2(-39.0)  20.4(-32.4)
all categories 48.8 (-18.4) 13.6 (-39.2) | 42.9 (-24.3) 14.2 (-38.6) 25.8 (-41.4) 13.6 (-39.2)

Table 5. Safety degradation under SAFREE (text-space safeguard)
when applying different harmful categories. Values in brackets
denote the change relative to the baseline, and the best safety per-
formance is underlined.

Table 6. Safety degradation under SDv3 (DiT-based structure)
when applying different harmful categories. Values in brackets
denote the change relative to the baseline, and the best safety per-
formance is underlined.

Harmful Rate on Harmful Rate on

Harmful Rate on Harmful Rate on

Safeguard Category sexual prompt prompt Safeguard Category sexual prompt prompt
Baseline (SDv1.5) 67.2 52.8 Baseline (SDv3 [10]) 51.0 49.6
Safety Misalignment Degradation Safety Misalignment Degradation
72.6 (+5.4) 41.0 (-11.8) 50.2 (-0.8) 30.4 (-19.2)
sexual content 32.6 (-34.6) 34.6 (-18.2) sexual content 7.8 (-43.2) 33.0(-16.6)
68.8 (+1.6) 22.0 (-30.8) 40.4 (-10.6) 22.8 (-26.8)
67.6 (+0.4) 31.0 (-21.8) 43.8 (-7.2) 33.4 (-16.2)
Safety Averaging Degradation Safety Averaging Degradation
+ sexual content  41.0 (-26.2) 31.0 (-21.8) + sexual content 13.2 (-37.8) 30.2 (-19.4)
all category 63.0 (-4.2) 26.6 (26.2) all category 18.2 (-31.8) 24.0 (-25.6)

with the prompt guidance at each timestep. For text-space
guidance, CASG extends SAFREE by identifying the most
relevant harmful subspace before applying orthogonal pro-
jection. The full procedure is summarized in Algorithm 2.

C. Experiment Detail
C.1. Datasets

We evaluate our approach on four comprehensive datasets
that are specifically designed for assessing safety in image
generation: 12P [39], T2VSafetyBench [28], Unsafe Diffu-
sion (UD) [34], and CoProv2 [27].

I2P [39] comprises 4,703 harmful prompts spanning seven
categories: hate, harassment, violence, self-harm, sexual
content, shocking images, and illegal activities. These
prompts are sourced from both real-world instances and

large language models (LLMs) generations.

T2VSafetyBench [28] is originally developed for eval-
uating safety in text-to-video generation systems, and
offers carefully curated prompts across various harm-
ful categories. For our experiments, we selected 3,443
prompts from seven relevant categories that align with our
pre-defined harmful categories: pornography, borderline
pornography, violence, gore, disturbing content, public fig-
ures, and illegal activities.

Unsafe Diffusion (UD) [34] dataset encompasses five
harmful categories: sexually explicit, violent, disturbing,
hateful, and political content. We specifically utilize 904
user-contributed prompts for our evaluation.

CoProv2 [27] is an enhanced version of CoPro, which con-
tains more severe harmful prompts generated by LLMs.



This dataset shares the same categorical as I2P, from which
we randomly sampled 1,000 prompts for our experiment.

These datasets collectively provide a diverse and chal-
lenging benchmark for evaluating our system’s ability to
identify and handle harmful content across different con-
texts and severity levels.

C.2. Baseline Detail

We conduct comprehensive comparisons between our pro-
posed approach and six representative methods from dif-
ferent categories: model-modification methods (ESD [12],
UCE [13], RECE [14], SafetyDPO [27]) and modification-
free methods (SLD [39], SAFREE [52]). For fair compari-
son, all baseline methods are implemented using their offi-
cial code with reported hyperparameters from their original
papers. All experiments use the consistent predefined harm-
ful keyword set from SLD* across all methods. All methods
are evaluated with 50 denoising timesteps.

For model-modification approaches, we configure ESD
[12] following its recommended settings for inappropriate
content removal, training the unconditional layers (non-
cross-attention modules) for 1000 epochs with a learning
rate of le-5 and negative guidance scale set to 1. The pre-
defined harmful keywords are used as erase prompts dur-
ing fine-tuning. UCE [13] is implemented with its default
hyperparameters, setting lambda, erase scale, and preserve
scale to 0.1, and trained for 1 epoch. Similarly, RECE
[39] follows its recommended configuration for inappropri-
ate content removal, with lambda, erase scale, and preserve
scale set to 0.1, trained for 2 epochs. For the alignment-
based approach, we directly utilize the released SafetyDPO
model without additional modifications.

C.3. Metric Detail

Following SLD [39], we use Q16 [38] and NudeNet [29]
for image safety assessment. For NudeNet, an image is
flagged as harmful if any detected exposed-element prob-
ability exceeds 0.5, while Q16 covers a broader range of
violent, sexual, and graphic harm assessment. An image is
labeled harmful if either classifier flags it.

D. More Experiment

D.1. Hyperparameter Analysis

We conduct additional experiments to evaluate safety per-
formance under varying prompt guidance strengths. Specif-
ically, we examine a guidance scale of 10.0 (compared
to 7.5 in the main paper), representing relatively stronger
prompt guidance. As shown in Table 7, integrating our

4SLD predefined harmful keywords: “hate, harassment, violence, suf-
fering, humiliation, harm, suicide, sexual, nudity, bodily fluids, blood, ob-
scene gestures, illegal activity, drug use, theft, vandalism, weapons, child
abuse, brutality, cruelty”.

Algorithm 2: Conflict-Aware Safety Guidance
(CASG) Framework

Input: harmful category {h1, ..., hy}; timestep ¢.

Output: Conflict-aware safety-corrected output.

if Conflict-aware Safety Steering (CASG+SLD) then
2 for each harmful category h; do

—

3 Compute harmful-conditioned noise
estimate with Eq. (1);
4 Compute harmful direction g; with Eq. (2).

5 Measure alignment with prompt guidance with
Egs. (3) and (4);
6 Identify the most aligned harmful category

Eq. (5);
7 Apply SLD with the most aligned harmful
category.
8 if Conflict-aware Orthogonal Projection
(CASG+SAFREE) then
9 for each harmful category h; do
10 L Compute projection residual with Eq. (6)
11 Identify the most aligned harmful category
Eq. (7);
12 Apply SAFREE with the most aligned harmful
category.

13 Return the safety-modified embedding (text space)
or noise estimate (latent space).

conflict-aware framework with existing safeguard meth-
ods yields CASG+SAFREE and CASG+SLD, both demon-
strating substantial improvements in safety. Specifically,
CASG+SAFREE attains harmful rates of 18.0%, 37.6%,
18.0%, and 10.8%, and CASG+SLD achieves 12.3%,
13.3%, 14.5%, and 5.0% on 12P, T2V SafetyBench, Unsafe-
Diffusion, and CoProv2, respectively. These results
markedly outperform their baselines (SAFREE and SLD),
with CASG+SLD further achieving state-of-the-art safety
among all compared methods. Despite stronger safety con-
trol, our framework maintains nearly unchanged generation
quality. Compared with baselines, CASG+SAFREE and
CASG+SLD exhibit only marginal variations in both FID
and CLIP scores. These results confirm that CASG main-
tains image quality while substantially improving safety.

D.2. Robustness to Keyword Variants

We further assess the robustness of CASG in four sets of
predefined harmful keywords. Across the settings, we either
substitute keywords with synonyms (different choice) or ad-
just their specificity from abstract to detailed (granularity
and completeness). As shown in Table 8, CASG consis-
tently reduces ASR across all variants on T2V SafetyBench,
indicating its robustness to keyword settings.



Table 7. Comparison of text-to-image safeguard methods (guidance scale = 10). Harmful rates ({, lower is better; brackets show change
relative to SDv1.5) are evaluated on four benchmarks. Image quality on COCO is measured by FID ({, lower is better) and CLIP score (f,
higher is better). Methods requiring model modification are shown in gray; the best results are in bold.

Method Conflict- Harmful Rate % |, FID| CLIP?T
Aware 2P T2VSafetyBench UD CoProv2 COCO
SD-v1.5 [37] - 44.9 59.5 54.2 27.0 - 31.52
ESD [12] X 42.3 (-2.6) 57.2(-2.3) 50.6 (-3.2)  26.3(-0.7) 39.38  31.39
UCE [13] X 28.4 (-16.5) 29.2 (-30.3) 31.1 (-23.1) 20.7(-6.3) 7872  29.09
RECE [14] X 21.0(-23.9) 19.9 (-39.6) 243(-29.9) 94(-17.6) 6594 28.11
SafetyDPO [27] X 16.2 (-28.7) 25.2 (-34.3) 19.2 (-35.0) 5.5(-21.5) 5120 30.59
SAFREE [52] X 20.9 (-24.0) 42.3 (-17.2) 244 (-29.8) 13.3(-13.7) 4538 30.51
CASG+SAFREE (ours) v 18.0 (-26.9) 37.6 (-21.9) 18.0 (-36.2) 10.8(-16.2) 48.06  30.25
SLD [39] X 15.4 (-29.5) 27.4 (-32.1) 19.0(-35.2) 7.7(-19.3) 5332 29.28
CASG+SLD (ours) v 12.3 (-32.6) 13.3 (-46.2) 14.5 (-39.7) 5.0(-22.0) 5229 29.34

Table 8. ASR (%) under different predefined harmful keyword
variants on T2VSafetyBench. Values in brackets denote the
change relative to the base safeguard.

Keyword set ‘ SAFREE CASG+SAFREE ‘ SLD CASG+SLD

Default 41.5 37.5 (-4.0) 252 9.8 (-154)
Synonyms 36.2 32.3(-3.9) 148 10.6(-4.2)
Abstract 494 40.7 (-8.7) 26.9 18.9(-8.0)
Detailed 41.1 36.8 (-4.3) 19.1  79(-11.2)

D.3. Category-wise Safety Analysis.

As shown in Table 9, we conduct a category-wise analy-
sis of harmful rate reduction on the I2P dataset, comparing
CASG+SAFREE and CASG+SLD against their respective
baselines (SAFREE and SLD). This analysis illustrates how
safety improvements vary across harmful categories, shed-
ding light on the varying degrees of harmful conflicts. No-
tably, CASG+SLD achieves substantial reductions in sexual
content (-61.2%) and illegal activity (-26.7%), indicating
stronger directional attenuation effects within the aggrega-
tion. In contrast, the marginal improvement in harassment
(-1.0%) suggests that its harmful zone largely overlaps with
the aggregated harmful zone. CASG+SAFREE also ex-
hibits varying degrees of improvement across different cat-
egories, reflecting the influence of category-specific conflict
strength. These results collectively demonstrate that CASG
is particularly effective in categories characterized by strong
harmful conflicts.

D.4. Visualization Analysis

To further examine how CASG improves safety control,
we compute at each timestep the cosine similarity (Equa-
tion (4)) between the prompt guidance and the harmful
guidance of each category for both SLD and CASG+SLD.
A higher cosine value indicates that the prompt guidance
is more aligned with that harmful category, thus reflecting
stronger harmfulness. We visualize these cosines across

Table 9. We present category-wise harmful rate analysis of the
harmful rate reduction in I2P datasets. Values in brackets denote
the relative drop compared with SAFREE and SLD.

Category CASG+SAFREE CASG+SLD
hate 15.6 (-5.5) 10.8 (-16.9)
harassment 15.3 (-0.7) 10.1 (-1.0)
violence 19.2 (-9.4) 16.8 (-14.3)
self-harm 14.0 (-10.3) 6.4 (-19.0)
sexual content 22.4 (-9.3) 6.1 (-61.2)
shocking 29.7 (-3.9) 15.2 (-13.6)
illegal activities 13.8 (-16.9) 6.9 (-26.7)

timesteps using heatmaps for better clarity and comparative
analysis. As shown in Figure 9, although SLD exhibits a
slight downward trend in cosine similarity as the timestep
increases, its reduction is noticeably weaker compared with
CASG+SLD. In contrast, CASG+SLD exhibits a substantial
reduction in cosine similarities for all categories, indicating
stronger suppression of harmful content. These visualiza-
tions provide direct evidence that CASG more effectively
reduces harmful generation throughout denoising steps.

D.5. More Qualitative Results

To provide a comprehensive evaluation of our approach, we
present additional qualitative examples in Figure 10. We
include a diverse set of samples that showcase various chal-
lenging scenarios. These supplementary results further val-
idate our method’s effectiveness across different contexts.

D.6. Efficiency Analysis

To evaluate computational efficiency, we report inference
time for all methods under identical settings (50 denoising
steps on SDv1.5 using a single H100 GPU). As shown in
Table 10, CASG introduces only a minimal overhead when
integrated into existing training-free safeguards.

* For text-space guidance, CASG+SAFREE increases in-
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Figure 9. Harmful cosine in latent space with sexual-related prompt. The horizontal axis shows diffusion timesteps, and the vertical axis
lists harmful categories. Color intensity indicates harmful cosine (darker means stronger harmfulness

ference time from 3.9 seconds to just 3.98 seconds per Overall, CASG preserves the lightweight nature of safety-
sample, demonstrating that our conflict-aware projection guidance frameworks while significantly improving safety
adds negligible cost. performance.

* For latent-space guidance, CASG+SLD exhibits a linear
growth with respect to the number of predefined harmful E. Impact of CASG on Content Shift
categories k, adding approximately 1 second per addi-
tional category per sample. In our experiments, we fol-
low the original SLD setting and adopt 7 predefined harm-
ful categories, where the inference time reaches 10.2 sec-
onds per sample, which is 2.58 times of SLD.

We further analyze the impact of CASG on content shift

under different request scenarios.

* For benign requests, CASG largely preserves generation
quality on benign inputs (e.g., the COCO dataset [25]),
achieving CLIP Score and FID comparable to the base
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Figure 10. Comparison of T2I safety methods using prompts with different harmful content. Methods marked with * require parameter
tuning or model modifications.



Table 10. Inference Efficiency Comparison. k denotes the number
of predefined harmful categories. Values in brackets denote the
inference time multiples relative to SAFREE and SLD.

Method Inference Time (s/sample)
SAFREE 39
CASG+SAFREE 3.98 (1.02x%)

SLD 4.0
CASG+SLD (k=2) 5.0 (1.25%)
CASG+SLD (k=3) 6.2 (1.55%)
CASG+SLD (k=4) 7.1 (1.78%)
CASG+SLD (k=5) 8.2 (2.05x%)
CASG+SLD (k=6) 9.2 (2.30%)
CASG+SLD (k=7) 10.3 (2.58 %)

SD 1.5 SAFREE

CASG+SAFREE SLD

CASG+SLD

benign prompt: ‘The pictures shows a wooden bench on a street

benign prompt: ‘A red building with a pointed roof says house of
clocks.”

Figure 11. Qualitative comparison between CASG and the base
safeguard on benign prompts (COCO).

safeguards (as shown in Tab. 2) with negligible content
shift. We provide qualitative benign examples in Fig. 11.
These results indicate that CASG preserves normal us-
ability and user experience of text-to-image models.

* For harmful requests, CASG may induce content shifts
while ensuring enhanced safety, especially when harmful
intent is entangled with the core object or presented in
adversarial forms [28, 51], where strict semantic preser-
vation for harmful requests can hinder complete removal
of harmful content. In real-world deployment, model
providers typically prioritize safety guarantees over con-
tent fidelity when the input is malicious [32]; accordingly,
the semantic shift introduced by CASG under malicious
inputs is acceptable.

In general, CASG preserves the ability for benign usage

while allowing controlled content shifts on malicious input

to ensure safety.
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