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In the following, we present additional materials about Safe-CLIP. In particular,
we provide further analyses on the ViSU dataset and additional experimental re-
sults starting from different CLIP model variants (i.e. CLIP ViT-L/14@336 and
OpenCLIP ViT-H/14). Moreover, we report further experimental comparisons,
an analysis of the quality preservation of generated images and textual sen-
tences, and additional qualitative results. Finally, we present a discussion about
the possible ethical implications and limitations of the proposed approach.

A ViSU Dataset Analysis

I2P-ViSU category mapping. As reported in Sec. 4.4 of the main paper, we
map the 20 NSFW concepts contained in our ViSU dataset to the seven broader
categories employed in the I2P dataset [11]. The category mappings are reported
in Table 6, showing for each I2P category the corresponding ones from the ViSU
dataset. As it can be seen, the outlined mapping ensures a coherent alignment of
the categorization in ViSU with the broader categories defined in I2P, facilitating
an accurate comparative analysis in our experiments.
Word distributions. As an additional comparison, we show in Fig. 5 the word
clouds extracted from I2P textual prompts and the unsafe textual sentences
contained in the ViSU test set. The most frequent words from the I2P bench-
mark generally correspond to the typical words present in Stable Diffusion text

Table 6: Mapping of ViSU categories to I2P [11].

I2P Categories ViSU Categories
hate hate
harassment harassment
violence violence, suffering, humiliation, harm, abuse, brutality, cruelty
self-harm suicide
sexual sexual, nudity
shocking bodily fluids, blood, obscene gestures
illegal activity illegal activity, drug use, theft, vandalism, weapons
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Fig. 5: Word clouds of I2P prompts (left) and ViSU unsafe textual items (right),
extracted from the test set of the dataset.

prompts such as “realistic”, “detailed”, and “portrait”. On the contrary, textual
items from ViSU are more varied and by design in line with the caption distribu-
tion of the COCO dataset [6]. Nonetheless, it can be noticed that many different
NSFW and inappropriate concepts are present among the most frequent words
of the ViSU test set, thus confirming the toxicity of unsafe textual sentences in
our dataset.
Analysis on generated NSFW images. As mentioned in Sec 3.1 of the
main paper, we generate NSFW images using a publicly available text-to-image
generator1, which can generate a higher number of NSFW images compared to

Table 7: Comparison between
NSFW images generated by SD
v1.4 and the employed NewReal-
ityXL model1.

Model % NSFW CLIP-Sim

SD v1.4 43.8 0.224
NewRealityXL 77.9 0.298

the standard Stable Diffusion v1.4 model. In
Table 7, we report the percentage of generated
NSFW images of the two models, computed
according to the NudeNet and Q16 classi-
fiers, along with the CLIP image-text similar-
ity which evaluates the coherence of the gener-
ated images with respect to textual prompts.
For this analysis, we report the results on the
ViSU test set, using the unsafe sentences as
textual prompts. As it can be seen, the employed text-to-image model is able to
generate images with a higher degree of inappropriateness, which are also more
consistent with the text used as prompts, thus confirming the choice to use this
model to augment the ViSU dataset with NSFW images.
Dataset examples. In Fig. 6 we report some safe-unsafe caption pairs extracted
from our dataset. To validate the effectiveness of our fine-tuning strategies, for
each safe text we compare unsafe sentences generated by a standard Llama 2-
Chat [14] without fine-tuning, those generated by the LLM after the SFT phase,
and those generated by the LLM after both SFT and DPO training stages. The
original Llama 2-Chat model inherently fails to generate unsafe content, often
returning the unmodified safe text or employing standard responses to prevent
1 stablediffusionapi/newrealityxl-global-nsfw

https://huggingface.co/stablediffusionapi/newrealityxl-global-nsfw


Safe-CLIP: Removing NSFW Concepts from Vision-and-Language Models 3

Table 8: User study results evaluating generated data on the ViSU dataset and pref-
erences in the alignment dataset for the DPO model training.

Unsafeness Unsafeness Sem. Coherence Sem. Coherence DPO Ranking
(T?) (V?) (T,T?) (T?,V?) Accuracy

89.6% 73.2% 82.8% 82.4% 76.4%

the generation of NSFW material. Nevertheless, training the model solely with
SFT using only 100 manually curated pairs induces the generation of captions
with a high degree of toxicity. However, the comparison between unsafe texts
post-SFT and those after both SFT and DPO reveals that sentences generated
after DPO more faithfully align with the semantic context contained in the
original safe texts, thus corroborating the efficacy of both training stages.

Additionally, in Fig. 7 we report sample quadruplets of safe and unsafe
(i.e. NSFW) images and sentences from our dataset. Notably, generated un-
safe images and sentences can preserve the semantic content of the original safe
pairs, effectively introducing inappropriate visual and textual content.
User study to evaluate generated data in ViSU dataset. We perform a
user study on 1,000 quadruplets from ViSU, involving 20 participants. For each
item, we ask to evaluate if the generated text/image is unsafe and the seman-
tic coherence between safe-unsafe texts and unsafe text-image pairs. Results are
shown in Table 8, confirming that a large portion of generated data is NSFW and
that the original semantics are preserved. Also, we evaluate the automatic rank-
ing strategy used for the DPO phase. For this experiment, we use 1,000 sentence
pairs and ask the user to indicate the preferred text according to its semantic
coherence with the original safe caption and its NSFW degree. Human ratings
agree with the raking strategy 76.4% of the time, confirming the effectiveness of
our fine-tuning strategy.

B Additional Implementation Details

Low-rank adaptation in CLIP fine-tuning. The visual and textual encoders
of Safe-CLIP are fine-tuned as described in Sec. 3.2, using low-rank decom-
positions to save memory and speed up training. While this strategy creates
additional weight matrices and keeps pre-trained weights untouched during fine-
tuning, it is worth noticing that this does not imply storing the original pre-
trained weights in the final checkpoint after fine-tuning. Because of the properties
of LoRA, indeed, the final weight matrices can be simply obtained by collaps-
ing the pre-trained checkpoint with the low-rank adaptation matrices learned
during fine-tuning. A third party receiving a model sanitized with our strategy,
therefore, would not have easy access to the original weights of the architecture.
Llama 2 fine-tuning details. As mentioned in the main paper, the ViSU
dataset generation involves the implementation of two distinct fine-tuning proce-
dures of the Llama 2-Chat 7B model [15]. Specifically, the LLM is first fine-tuned
with a standard SFT phase and then is further optimized with Direct Preference
Optimization (DPO) [10]. During this second training phase, the DPO loss is
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Table 10: Retrieval results on the ViSU test set using CLIP ViT-L/14@336 and
OpenCLIP ViT-H/14 as backbones. The left portions respectively show text-to-image
and image-to-text performance when using safe data only (i.e. V and T). The right
portions report the results when using unsafe textual sentences as query (i.e. T?)
and the merging of safe (i.e. V) and unsafe images (i.e. V?) as retrievable items, or
when using unsafe visual queries (i.e. V?) and the merging of safe (i.e. T) and unsafe
sentences (i.e. T?) as retrievable items.

Text-to-Image Image-to-Text Text-to-Image Image-to-Text
(T-to-V) (V-to-T) (T?-to-V ∪ V?) (V?-to-T ∪ T?)

Model R@1 R@10 R@20 R@1 R@10 R@20 R@1 R@10 R@20 R@1 R@10 R@20

CLIP (ViT-L/14@336) 36.9 71.4 80.6 41.2 75.6 84.9 2.6 25.8 34.1 4.8 34.1 42.0
Safe-CLIP 39.5 76.9 85.7 38.9 76.8 85.9 8.8 45.5 56.1 16.0 59.3 67.9

OpenCLIP (ViT-H/14) 49.9 81.6 89.0 49.8 83.1 90.4 1.5 29.3 37.8 4.9 37.7 45.4
w/o inap. content redirection 50.0 83.3 90.4 49.1 83.6 90.7 1.3 31.0 40.4 3.4 35.1 43.4
w/o negative cosine similarities 35.4 74.2 83.9 36.4 75.0 84.5 8.1 43.3 53.6 14.2 57.9 66.6
Safe-CLIP 48.3 83.2 90.3 48.1 83.6 90.6 13.6 52.3 61.5 20.8 61.4 69.7

employed with β = 0.1. Further, we use a batch size of 16 and a learning rate
equal to 5 × 10−7. We employ low-rank adaption [3] during both fine-tuning
stages, using r = 64 for SFT and r = 8 for DPO. The scaling parameter α is set
to 16 for both training phases.

C Additional Experimental Results

Comparison with ESD [2]. Table 9 extends Table 4 of the main paper
by including a comparison with the ESD approach [2]. Specifically, ESD is a

Table 9: Comparison with ESD [2] in terms
of probability of generating images with unsafe
content, classified by combining the predictions
of NudeNet and Q16 classifiers.

I2P ViSU

Model Sexual Avg Sexual Avg

SD v1.4 24.8 35.7 24.4 26.2
ESD-u-1 (“nudity”) [2] 17.7 30.1 8.6 17.2
SD v1.4 + Safe-CLIP 15.9 22.2 4.1 3.6

fine-tuned version of Stable Diffu-
sion where a specific visual con-
cept has been erased using nega-
tive guidance as teacher. For this
comparison, we employ the check-
point released by the authors cor-
responding to the removal of the
“nudity” concept from Stable Dif-
fusion v1.4. Following the same
procedure described in the main
paper, results are reported in
terms of the probability of generating NSFW visual content as detected by
NudeNet and Q16 classifiers, averaging the probability scores over images gen-
erated with five different random seeds. Notably, using the Safe-CLIP textual
encoder leads to a lower probability of generating inappropriate images in com-
parison to the original Stable Diffusion and ESD, considering both the average
probability over all samples from I2P and ViSU and the probability on the “sex-
ual” category. Given that ESD has been specifically trained to remove nude
content, this result further confirms the benefits of our approach.
Retrieval results with CLIP ViT-L/14@336 and OpenCLIP ViT-H/14.
To assess the generalization capabilities of our fine-tuning strategy, we apply it to
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different CLIP-based models. In particular, we employ the CLIP ViT-L/14@336
(whose visual encoder is used in the best configuration of LLaVA 1.5 and 1.6) and
OpenCLIP ViT-H/14 model trained on LAION-2B [12] (whose text encoder is
used in Stable Diffusion v2.0). Both models are fine-tuned with the same strategy
and hyper-parameters used in the main paper. Table 10 shows the retrieval

Table 11: Percentage of retrieved NSFW images and text
using unsafe data as query, using CLIP ViT-L/14@336 and
OpenCLIP ViT-H/14 as backbones. Safe retrievable items
are from LAION-400M, unsafe images are extracted from
different NSFW sources, and unsafe texts are from ViSU.

% NSFW (Text-to-Image) % NSFW (Image-to-Text)

Model NudeNet NSFW URLs SMID NudeNet NSFW URLs SMID

CLIP (ViT-L/14@336) 56.0 57.7 48.4 63.4 58.9 43.2
Safe-CLIP 10.4 11.7 21.0 32.3 26.3 30.3

OpenCLIP (ViT-H/14) 61.8 64.2 59.3 88.9 79.4 50.7
Safe-CLIP 6.7 7.8 11.6 36.0 38.4 24.7

results comparing
our model with the
original CLIP-based
models and, for Open-
CLIP ViT-H/14, the
two baselines de-
scribed in Sec. 4.3 of
the main paper. Also
in this setting, Safe-
CLIP demonstrates
superior performance
than the original
model and baselines. This is further confirmed when testing the model using
also real NSFW images as queries or retrievable items. The results of this ex-
periment are reported in Table 11, replicating the experiment shown in Table 3
of the main paper. Overall, Safe-CLIP significantly decreases the probability
of retrieving inappropriate visual content when using NSFW images from all
considered NSFW sources as retrievable items. On the same line, Safe-CLIP
can also retrieve a lower percentage of NSFW sentences when using real NSFW
images as queries compared to both considered CLIP-based backbones.

Additional qualitative text-to-image retrieval results are shown in Fig. 8,
using unsafe text queries from our ViSU dataset and retrievable items from
LAION-400M and different NSFW sources. Conversely, in Fig. 9, we report ad-
ditional qualitative image-to-text retrieval results using real NSFW images from
different sources as queries and textual sentences from ViSU and LAION-400M
as retrievable items. These qualitative results confirm that, starting from an in-
appropriate text or image, Safe-CLIP can respectively retrieve safe visual and
textual content, while also preserving the general semantics contained in the in-
put query. On the contrary, the original CLIP model fails to retrieve safe items,
returning NSFW images and textual sentences in the majority of the cases.

Text-to-image generation results with SD v2.0. We then apply the fine-
tuned version of the OpenCLIP ViT-H/14 model to Stable Diffusion v2.02 for
the text-to-image generation task. Specifically, we replicate the experiment de-
scribed in Sec. 4.4 and apply Safe-CLIP to the original Stable Diffusion v2.0
model and to other variants that either employ negative prompts or the negative
guidance strategy used in SLD [11]. Results are reported in Table 12, averag-
ing the NSFW generation probabilities over five generations with different seeds.

2 Please note that the text encoder employed in SD v2.0 is slightly different from the
one employed in the original OpenCLIP ViT-H/14. Therefore, for this experiment,
we use the fine-tuned version of the modified OpenCLIP model as used in SD v2.0.
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Table 12: Probabilities of generating images with unsafe content, classified by com-
bining the predictions of NudeNet and Q16. Results are reported using NSFW text
prompts from I2P [11] and ViSU, and Stable Diffusion v2.0 as text-to-image generator.
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SD v2.0 42.7 39.0 41.9 42.0 26.5 51.6 37.7 36.9 30.3 19.9 35.5 26.9 22.3 31.6 27.7 30.2
+ Safe-CLIP 25.5 20.7 21.6 16.7 11.8 23.7 16.2 17.2 2.4 1.8 2.0 3.3 2.4 2.0 2.5 2.2

Negative Prompts 29.4 26.1 27.9 22.2 24.1 48.1 31.0 28.3 17.4 14.8 24.6 14.0 15.7 19.8 18.3 20.1
+ Safe-CLIP 16.5 14.5 16.9 11.3 11.9 20.8 14.5 13.7 2.2 2.2 1.7 1.4 2.2 2.0 2.3 2.0

SLD-Weak [11] 31.3 28.3 29.7 26.8 14.0 37.6 26.9 25.3 21.6 13.1 26.8 17.3 13.3 22.5 20.4 21.8
+ Safe-CLIP 28.8 24.5 23.2 14.3 12.3 23.4 18.9 18.2 3.7 2.2 2.8 2.1 3.1 2.6 2.7 2.8

SLD-Medium [11] 24.5 22.2 22.3 15.7 8.3 26.4 17.3 17.4 14.6 8.4 16.9 12.2 9.6 12.9 12.6 13.7
+ Safe-CLIP 26.1 22.1 22.2 13.4 10.7 21.1 16.8 16.4 3.5 1.7 2.2 2.6 2.5 2.2 2.3 2.3

SLD-Strong [11] 19.7 17.4 17.4 8.5 5.6 19.1 11.9 12.4 10.7 4.9 10.1 7.7 5.5 6.4 7.0 8.0
+ Safe-CLIP 25.6 22.6 22.6 12.2 11.8 22.3 17.5 16.6 3.2 1.7 2.6 1.9 3.1 2.5 2.7 2.6

Overall, Safe-CLIP can contribute in almost all settings to reduce the probability
of generating unsafe images, thus further demonstrating the effectiveness of our
approach. The only exception is represented by the results with SLD-Strong on
the I2P dataset. We argue that the strong guidance used by this version can not
be effectively combined with the fine-tuned embedding space of our Safe-CLIP
model. However, it is worth noting that SLD [11] can lead to more significant
degradation of the realism of generated images than Safe-CLIP (cf. Table 14).

Additional qualitative results are reported in Fig. 10 and Fig. 11, using un-
safe textual prompts respectively from our ViSU dataset and the I2P benchmark.
We compare images generated by the original Stable Diffusion, Stable Diffusion
guided with negative prompts, SLD in its Strong variant [11], and Stable Dif-
fusion with the proposed Safe-CLIP text encoder. While competitors often fail
to generate safe images, the Stable Diffusion model augmented with Safe-CLIP
not only avoids generating NSFW visual content but also is able to synthesize
images that preserve the original semantic content of the input textual prompts.

Image-to-text generation results with LLaVA 1.5 and 1.6. Following the
same procedure described in Sec. 4.5, we apply the safe version of CLIP ViT-
L/14@336 to LLaVA 1.5 [7] and LLaVA 1.6 [8] and evaluate the probability of
generating unsafe text when feeding the model with real NSFW images. Results
are reported in Table 13 in terms of NSFW degree and toxicity of generated
text. These results confirm the ability of Safe-CLIP to effectively reduce the
inappropriateness of multimodal LLMs such as LLaVA. Also for this setting,
we report in Fig. 12 some qualitative results comparing the generation of the
LLaVA model with and without the visual encoder of Safe-CLIP. Generated
textual sentences demonstrate the effectiveness of our approach in significantly
reducing the probability of generating inappropriate textual content.

Evaluating generation quality preservation. Finally, we evaluate the qual-
ity preservation of generated images and their fidelity with respect to input
prompts in Table 14 and the LLaVA preservation quality in Table 15.
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Table 13: Percentage of generating NSFW textual sentences and their toxicity degree,
when using real NSFW images from different sources as input.

NudeNet NSFW URLs SMID

Model % NSFW Toxicity % NSFW Toxicity % NSFW Toxicity

LLaVA 1.5 (7B) 69.2 34.6 45.3 21.1 23.3 4.7
+ Safe-CLIP 15.1 9.5 9.1 6.5 7.6 3.5

LLaVA 1.5 (13B) 65.8 29.5 41.5 18.0 19.5 4.6
+ Safe-CLIP 12.3 7.4 8.3 5.8 4.8 3.5

LLaVA 1.6 (13B) 66.4 30.5 46.4 19.7 24.6 6.7
+ Safe-CLIP 10.0 8.9 6.8 8.3 11.7 5.7

To evaluate generated images, we extract 30k images and corresponding
captions from the COCO validation set [6] and LAION-400M [13] and com-
pute the FID score [9] between real and generated image distributions and
the CLIP similarity between each generated image and the corresponding
textual sentence. In Table 14, we compare the results using images gener-
ated by the original Stable Diffusion v1.4 model with those generated using
the text encoder of Safe-CLIP. Additionally, we include the FID score and
CLIP similarity considering images generated by the SLD-Strong model [11].

Table 14: FID scores and CLIP similarities
with input prompts in text-to-image generation.

COCO LAION-400M

Model FID CLIP-Sim FID CLIP-Sim

SD v1.4 14.7 0.266 20.1 0.272
SLD-Strong (SD v1.4) [11] 19.2 0.239 28.9 0.224
SD v1.4 + Safe-CLIP 15.7 0.259 21.9 0.261

Notably, using Safe-CLIP in place
of the original CLIP text encoder
only slightly degrades the perfor-
mance on both datasets. Never-
theless, our solution can better
preserve image quality and image-
text similarity than the SLD-
Strong approach, which more sig-
nificantly deteriorates the performance of the original Stable Diffusion model.

To evaluate generated text, instead, we consider some evaluation bench-
marks typically used to evaluate the capabilities of multimodal LLMs.

Table 15: Performance analysis on standard
benchmarks for evaluating multimodal LLMs.

MME MMMU AI2D POPE

Model Cogn Perc Acc Acc Acc F1

LLaVA 1.5 (7B) 355.7 1513.4 35.1 54.8 87.0 85.9
+ Safe-CLIP 302.5 1267.5 33.1 50.4 82.8 80.6

Specifically, we report in Ta-
ble 15 the results on MME [1],
MMMU [16], AI2D [4], and
POPE [5], using the llms-eval
evaluation library3. As expected,
Safe-CLIP only partially degrades
the performance of LLaVA on
standard benchmarks, while sig-
nificantly reducing the inappropriateness degree of textual sentences generated
by the model (cf. Table 5 and Table 13).

D Discussion and Limitations

Ethical implications. We presented an approach for removing the implications
of inappropriate input texts and images in vision-and-language models based on a
3 https://github.com/EvolvingLMMs-Lab/lmms-eval

https://github.com/EvolvingLMMs-Lab/lmms-eval
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shared embedding space. When applied to retrieval and image-to-text generation,
our model constitutes the first work in the direction of making multi-modal
retrieval systems and multimodal LLMs safe. When applied to image generation,
our model is an alternative to post-hoc removal with NSFW classifiers and to
suppressing the generation of inappropriate content by altering the diffusion
process [11]. We believe that our approach provides better safety guarantees
with respect to both alternatives as it can not be deactivated by simply altering
the source code executed at prediction time.

Our fine-tuning strategy would not be effective if the model did not acquire
knowledge of inappropriate concepts during pre-training. Therefore, we do not
advise removing inappropriate content entirely from the training data; rather,
we propose our approach as a more general post-training strategy that could
be applied before the model is released to remove the impact of inappropriate
concepts.

Our fine-tuning strategy is based on the collection of toxic content, predicted
from an LLM fine-tuned to generate inappropriate content. We realize that this
model has strong and direct ethical implications, as such we commit not to
release the model by any means. Further, our methodology might have additional
ethical implications, as the model’s representation of inappropriateness and toxic
content can reflect the societal dispositions of the social groups represented in
the training data of Llama 2 and in the ViSU dataset. This, in turn, might result
in a lack of more diverse sentiments.

Addressing the legality of the dataset. The dataset employed in our re-
search adheres to all pertinent legal standards and ethical guidelines. Specifi-
cally, the safe images come from the publicly available COCO dataset, which
is well-established in the literature and legally compliant for research purposes.
Regarding the NSFW images, these are synthetically generated using a publicly
available diffusion model from Hugging Face, ensuring that no real individu-
als are depicted, thus eliminating privacy concerns. The NSFW images fall into
the seven categories of inappropriate content previously defined in the litera-
ture [11] (i.e. hate, harassment, violence, self-harm, sexual, shocking, and illegal
activities). These categories ensure comprehensive coverage of potentially inap-
propriate content that our model aims to filter out.

The textual data follows a similar ethical protocol. All real text data is de-
rived from the COCO dataset, ensuring that it is ethically sourced and legally
compliant. The NSFW textual data are generated using a fine-tuned version of
the Llama 2 model, starting from the safe textual sentences contained in the
COCO dataset. This approach involves modifying the safe sentences to intro-
duce NSFW elements deliberately. The intent is to create controlled instances of
harmful or unethical content, which are essential for training and fine-tuning our
model to recognize and filter out inappropriate content effectively. This method
allows us to build a robust system capable of maintaining ethical and legal com-
pliance in real-world applications.

As reported in the main paper, the ViSU dataset is released in a controlled
manner, with only the textual portion available to verified researchers. Access



Safe-CLIP: Removing NSFW Concepts from Vision-and-Language Models 9

requires a declaration of research-only use, preventing malicious purposes. Due
to its explicit nature, NSFW images are not publicly released to avoid potential
misuse, while still ensuring their reproducibility for validation by the research
community. The dataset containing NSFW images is securely stored, with access
restricted solely to the researchers of this project, ensuring strict control over
sensitive content.

We believe that by carefully generating and utilizing NSFW content within a
controlled and ethical framework, we contribute to the development of safer and
more responsible AI systems. Our work is guided by a commitment to ethical
research practices and compliance with all legal standards, ensuring that our
contributions align with broader societal and ethical goals.
Limitations. While our model can remove the impact of inappropriate concepts
in a wide variety of cases, it does not provide any guarantee of success. For
instance, it might fail to remove inappropriate content under certain conditions.
Some failure cases are reported in Fig. 13. Future works might want to further
reduce the impact of these failure cases by enlarging the training dataset in both
quantity and variance.
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Fig. 6: Qualitative examples of safe captions from the COCO dataset and correspond-
ing unsafe versions generated by the original Llama 2-Chat model, by the LLM after
SFT fine-tuning, and by the LLM after both SFT and DPO training stages, where the
latter represent sample unsafe captions from our ViSU dataset.
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