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Abstract

Improving the safety of vision-language models like CLIP
via fine-tuning often comes at a steep price, causing signifi-
cant drops in their generalization performance. We find this
trade-off stems from rigid alignment strategies that force un-
safe concepts toward single, predefined safe targets, disrupt-
ing the model’s learned semantic structure. To address this,
we propose a proximity-aware approach: redirecting unsafe
concepts to their semantically closest safe alternatives to min-
imize representational change. We introduce SafeR-CLIP,
a fine-tuning framework that applies this principle of minimal
intervention. SafeR-CLIP successfully reconciles safety
and performance, recovering up to 8.0% in zero-shot accu-
racy over prior methods while maintaining robust safety. To
support more rigorous evaluation, we also contribute NSFW-
Caps, a new benchmark of 1,000 highly-aligned pairs for test-
ing safety under distributional shift. Our work shows that re-
specting the geometry of pretrained representations is key to
achieving safety without sacrificing performance.

Code — https://adeelyousaf.github.io/SC-Project-Page/

Introduction
Large-scale web-scraped datasets such as LAION-5B
(Schuhmann et al. 2022) have been instrumental in pretrain-
ing vision-language models (VLMs) with remarkable gener-
alization capabilities (Radford et al. 2021). However, the un-
curated nature of this data introduces significant safety con-
cerns, as models can learn to generate inappropriate or Not
Safe For Work (NSFW) content (Poppi et al. 2024a; Birhane
et al. 2023). Ensuring safe VLM behavior is therefore a crit-
ical priority, especially for deployment in sensitive domains
like healthcare and autonomous systems (Steed and Caliskan
2021; Wu et al. 2024). To address safety concerns in VLMs,
current methods typically follow one of two strategies: (1)
removing unsafe data prior to training or (2) fine-tuning the
model post-training to enforce safer behavior. While filter-
ing unsafe data beforehand can be effective, it is computa-
tionally infeasible at the scale of datasets like LAION-5B,
which are essential for achieving foundation model capabil-
ities. Post-training fine-tuning, by contrast, modifies learned

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

representations to steer the model away from unsafe out-
puts, typically by aligning embeddings toward safer direc-
tions (Poppi et al. 2024a). While effective at reducing harm-
ful content, current alignment techniques often create an un-
resolved tension between safety and performance. For in-
stance, prominent methods can incur a substantial 22% drop
in zero-shot accuracy on standard benchmarks after safety
fine-tuning (Poppi et al. 2024a). This raises a fundamental
question: Can we align models for safety without disman-
tling their rich, pretrained knowledge? 1

We note that prior methods (see Figure 1), such as Safe-
CLIP (Poppi et al. 2024a), treat unsafe concepts as singular
entities, aligning them with a fixed safe counterpart. We find
that this performance degradation—particularly the drop in
generalization—may stem from an underlying assumption
in current alignment methods. These techniques typically
rely on a fixed mapping, aligning each unsafe concept with
a single, pre-defined safe counterpart (Figure 1). This ap-
proach, however, may not fully capture the contextual na-
ture of meaning, where an unsafe concept can correspond to
multiple semantically valid and safe interpretations. By en-
forcing alignment to a single, sometimes weakly correlated
target, such methods can inadvertently disrupt the model’s
learned semantic structure, treating other plausible safe con-
cepts as negatives and degrading generalization.
Our Key Idea. To overcome these limitations, we introduce
a new guiding principle for safety alignment: proximity-
aware realignment. Instead of imposing a rigid mapping,
our approach embraces the geometry of the model’s own
embedding space. The core idea is to perform minimal in-
tervention: for any unsafe input, we identify its semantically
closest safe alternative and gently redirect the representa-
tion toward this contextually appropriate target. This strat-
egy respects the model’s pretrained knowledge, allowing for
safety improvements that co-exist with, rather than compete
against, generalization.

To this end, we propose SafeR-CLIP, a framework that
employs two novel, representation-aware losses. The first,
relative cross-modal redirection, refines contrastive learn-
ing by specifying the unsafe representation as the sole neg-
ative, which preserves the rich semantic associations be-

1See the extended arXiv version of this paper for additional
analysis and qualitative results.
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Positive SAFE Pair

A deadly looking gun on a table next to a 
child.

Unsafe 
Caption

A delicious looking bunt 
cake on a table next to 

fruit.

A child at a table 
sitting next to 
stacked items.

A little girl that 
is sitting in front 

of a table.

Negative SAFE Pairs

A deadly looking gun 
on a table next to a 

child.

Negative UNSAFE Pair

Safe-CLIP SafeR-CLIP

A deadly looking gun on a table 
next to a child.

Good Safety Poor Generalization Good Safety

cos-sim = 0.66 cos-sim = 0.65cos-sim = 0.46 cos-sim = 0.67

A kid sitting at a 
table with some 

food.

Unsafe 
Caption

Good Generalization

Positive SAFE Pair
cos-sim = 0.67

A kid sitting at a 
table with some 

food.

Figure 1: An unsafe concept can have multiple semantically valid safe alternatives. In this example, the unsafe caption “A
deadly looking gun on a table next to a child” could plausibly align with safe counterparts such as “A kid sitting at a table with
some food” or “A child at a table sitting next to stacked items”, which preserve the underlying semantics while removing unsafe
elements. (Left) Safe-CLIP (Poppi et al. 2024a) enforces a rigid alignment between the unsafe input and a single predefined safe
caption (e.g., “A delicious looking bunt cake on a table next to fruit”), while treating other valid alternatives as potential nega-
tives. This leads to two major issues: (1) due to the noisy nature of existing datasets like ViSU (Poppi et al. 2024a), the selected
unsafe–safe pair may be semantically misaligned, as shown; and (2) semantically closer safe alternatives are incorrectly penal-
ized. (Right) Our method, SafeR-CLIP, addresses these limitations by aligning each unsafe input with its most semantically
compatible safe counterpart while pushing it away from the unsafe embedding—ensuring better safety–generalization trade-off.

tween all related safe concepts. The second, proximity-
based alignment, mitigates issues from noisy training pairs
by dynamically identifying the most semantically compat-
ible safe target for each unsafe input. To further stabi-
lize learning, SafeR-CLIP also incorporates a progressive
training strategy that introduces pairs based on increasing
difficulty. We summarize our key contributions as follows:
• Identification of an overlooked challenge: We identify

a key limitation in prior work—the assumption of a sin-
gle safe counterpart per unsafe concept—and show that
aligning to semantically closest safe alternatives reduces
representational shift and preserves generalization.

• Representation-aware training losses: We propose two
novel losses: relative cross-modal redirection, which cor-
rects negative selection, and proximity-based alignment,
which aligns unsafe inputs to semantically compatible
safe targets—jointly improving safety with minimal dis-
ruption to pretrained representations.

• New benchmark for robust safety evaluation: We in-
troduce NSFWCaps, a cross-modal safety benchmark
with 1,000 highly-aligned safe–unsafe pairs. Built us-
ing the out-of-domain NoCaps dataset (Agrawal et al.
2019a), it provides a more rigorous test of safety gener-
alization under distributional shift compared to existing
benchmarks.

• State-of-the-art performance: SafeR-CLIP sets new
state-of-the-art results on safety and retrieval bench-
marks, improving zero-shot performance by 8% over
prior safety fine-tuning approaches while maintaining
comparable safety.

Related Works
The removal of harmful content from AI models has become
an increasing focus of research (Wang et al. 2022; Steed and

Caliskan 2021; Larrazabal et al. 2020; Denton et al. 2021),
particularly in vision-language systems trained on large-
scale, web-crawled datasets such as LAION-5B (Schuh-
mann et al. 2022, 2021). These datasets often lack proper
curation, allowing problematic content to persist (Birhane
et al. 2024). As a result, recent studies (Wan et al. 2024;
Schramowski, Tauchmann, and Kersting 2022; Zong et al.
2024a; Gou et al. 2024; Wang et al. 2024; Ding, Li, and
Zhang 2025; Liu et al. 2024; Zou et al. 2025; Ghosal
et al. 2025; Xu et al. 2025) have explored various mitiga-
tion strategies to address these safety concerns in generative
vision-language models.

Recent attempts address NSFW safety in generative text-
to-image and image-to-text models through dataset filtering,
inference-time guidance, fine-tuning, and unlearning. Filter-
ing removes harmful content before training (Rombach et al.
2022a) but requires substantial computational resources for
large-scale retraining. Inference-time approaches modify
model behavior during generation. For text-to-image mod-
els, (Schramowski et al. 2023a) applies negative guidance
to suppress NSFW outputs, while Buster (Zhao et al. 2024)
introduces a semantic backdoor to redirect unsafe prompts.
In large vision-language models (LVLMs) for image-to-
text generation, inference-time defenses such as LLaVA-
Guard (Helff et al. 2024) and Zero-Shot Safety (Zhao et al.
2025) aim to detect and filter harmful text responses. Fine-
tuning explicitly removes NSFW concepts by training pre-
trained models on safe content. ESD (Gandikota et al. 2023)
suppresses conditioned responses, while ShieldDiff (Han,
Mohamed, and Li 2024) optimizes a CLIP-based reward for
safety filtering in image generation tasks. Similarly, fine-
tuning has been explored for LVLMs such as LLaVA (Liu
et al. 2023) to improve safe image-to-text generation (Zong
et al. 2024b). Machine unlearning selectively removes harm-
ful information while preserving generation quality (Ginart
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et al. 2019; Poppi et al. 2024b; Golatkar, Achille, and Soatto
2020; Cao and Yang 2015; Zhang et al. 2025). Methods
like Saliency SalUn (Fan et al. 2023) refine generative mod-
els by modifying only the most relevant parameters, while
(Li et al. 2024), propose efficient unlearning methods for
LVLMs by fine-tuning on minimal data, ensuring targeted
forgetting without degrading overall performance.
Mitigating NSFW risks in CLIP. Unlike prior NSFW mit-
igation efforts in generative models, our work focuses on
making CLIP-like (Radford et al. 2021) contrastive mod-
els safer. CLIP plays a crucial role in cross-modal retrieval,
zero-shot classification, and as a backbone for text-to-image
and image-to-text generation, making its safety essential for
real-world applications. Unlike generative models, where
safety measures can be applied at inference time, CLIP’s
role in feature extraction means that unsafe biases can per-
sist across multiple downstream tasks if not addressed at the
embedding level.

Efforts to make CLIP safer have recently explored
both training-free and training-based strategies. Recently,
UWM (D’Incà et al. 2025) proposes a lightweight approach
that manipulates unsafe weights at inference time to sup-
press NSFW features. While efficient, this method offers
limited improvements in safety and lacks generalization
across tasks. In contrast, Safe-CLIP (Poppi et al. 2024a)
introduces a training-based fine-tuning strategy that redi-
rects unsafe embeddings toward predefined safe regions. Al-
though it reduces unsafe retrieval and generation, Safe-CLIP
induces a substantial 22% drop in zero-shot classification
performance, revealing a strong trade-off between safety
and generalization. We identify that part of this limitation
stems from misaligned or noisy supervision, where seman-
tically distant safe–unsafe pairs and uniform treatment of
negatives can disrupt the learned feature space. Our method
overcomes this by leveraging proximity-based alignment
and relative redirection, which selectively guide unsafe sam-
ples toward semantically compatible safe counterparts—
preserving generalization while enhancing safety align-
ment. Other recent efforts explore safety alignment in non-
Euclidean (e.g., hyperbolic) spaces (Poppi et al. 2025),
though such approaches are currently incompatible with
downstream applications.

Problem Formulation
Key notations. The foundational CLIP (Radford et al. 2021)
model aligns text and images in a shared embedding space
using a text encoder T (·) and image encoder V(·). Standard
CLIP training relies on paired, ideally safe, text-image data
(ti, vi) ∈ T × V, where ti ∈ T denotes the i-th text sam-
ple and vi ∈ V denotes the corresponding image sample.
Here, T = {t1, t2, . . . , tM} represents the set of all text
captions, and V = {v1, v2, . . . , vM} represents the set of
all corresponding images in the dataset, where M is the to-
tal number of text-image pairs. The ViSU dataset (Poppi
et al. 2024a) extends the paired data (ti, vi) by introduc-
ing an unsafe text-image pair (t∗i , v

∗
i ) ∈ T∗ × V∗ (set

of all unsafe text-image pairs), forming unified quadruplets
(ti, vi, t

∗
i , v

∗
i ). Each quadruplet contains a safe text-image

pair and a corresponding unsafe pair, which is generated

to closely resemble the safe data augmented with unsafe
content. The goal of the safety fine-tuning objective is to
adapt the encoders to remove NSFW-related information
while preserving the rich semantic structure learned dur-
ing pre-training. Formally, this is achieved by aligning the
embeddings of unsafe inputs, T (t∗i ) and V(v∗i ), with their
corresponding safe counterparts, T (ti) and V(vi). The fine-
tuning process also incorporates a regularization term based
on embeddings from reference (frozen) CLIP encoders T0(·)
and V0(·). This ensures the resulting embedding space re-
tains structural similarity to that of the original CLIP model.
The embedding relationship is measured using cosine sim-
ilarity, denoted as cos(·, ·). With these definitions in place,
we next review the Safe-CLIP methodology, which provides
one approach to this problem, and analyze its key limita-
tions.

Revisiting Safe-CLIP

In Safe-CLIP (Poppi et al. 2024a), the model is fine-tuned
on the quadruplet (vi, ti, v∗i , t

∗
i ) that contains a safe image,

its safe caption, a paired unsafe image, and its unsafe cap-
tion. Safe-CLIP employs two primary sets of loss functions:
a redirection loss to guide unsafe embeddings toward safe
counterparts, and a preservation loss to maintain alignment
of safe embeddings with their pretrained representations. In
this section, we focus on the redirection losses, while preser-
vation losses are detailed in the extended arXiv version.
Redirection loss: This loss guides the model to disregard
unsafe content by redirecting unsafe embeddings towards
their safe counterparts. It consists of two components: (1)
cross-modal and (2) uni-modal redirection. In cross-modal
redirection, unsafe captions t∗i align with the correspond-
ing safe images vi, and unsafe images v∗i are aligned with
the corresponding safe captions ti, ensuring that unsafe con-
tent is assigned to semantically equivalent safe representa-
tions. This follows the standard CLIP InfoNCE (Oord, Li,
and Vinyals 2018; Radford et al. 2021) loss. Formally, the
cross-modal redirection loss that fine-tunes the image en-
coder V(·) is defined as:

Limage
INCE = − 1

N

N∑
i=1

log
exp(cos(V(v∗i ), T0(ti))/τ)∑N
j=1 exp(cos(V(v∗i ), T0(tj))/τ)

. (1)

As Limage
INCE follows the standard CLIP loss formulation, it

minimizes the cosine distance between corresponding safe-
unsafe pairs while increasing the distance between non-
matching pairs. This ensures that unsafe embeddings are
pulled closer to their safe counterparts while remaining dis-
tinct from unrelated safe embeddings. The cross-modal redi-
rection loss for the text encoder, denoted as Ltext

INCE, follows
the same formulation as Equation 1, with the roles of image
and text swapped.

The uni-modal redirection loss directly minimizes the
cosine distance between the unsafe and safe embeddings
within the same modality. Specifically, unsafe captions t∗i
are aligned with their corresponding safe captions ti, and
unsafe images v∗i are aligned with their corresponding safe
images vi. For image encoder V , this uni-modal redirection
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loss is defined as:

Limage
uni-redir = − 1

N

N∑
i=1

cos(V(v∗i ),V0(vi)). (2)

Similarly, the text encoder uni-modal redirection loss
Ltext

uni-redir follows the same formulation, with the roles of im-
age and text swapped. Together, these four losses align un-
safe image-text embeddings with their corresponding safe
embeddings, guiding the model to mitigate unsafe content.

Limitations of Safe-CLIP
(1) Weakens generalization and cross-modal alignment:
The cross-modal redirection loss in Equation 1 causes
Safe-CLIP to disregard valid alternative safe concepts and
actively pushes them apart when they co-occur in the
same batch. This disrupts CLIP’s cross-modal embed-
ding structure by introducing misleading negative signals
across modalities. While this mechanism suppresses un-
safe content, it also leads to a significant drop in zero-shot
performance—approximately 22%—thus limiting general-
ization to downstream tasks. Moreover, by treating semanti-
cally compatible safe examples as negatives, it undermines
safety alignment itself, as the model may fail to recognize or
retrieve acceptable alternatives at test time.
(2) Semantically misaligned fixed targets: Safe-CLIP
enforces a rigid noisy mapping between unsafe and safe
concepts, relying on manually defined pairs without en-
suring semantic compatibility. This can lead to misaligned
supervision that distorts the pretrained embedding space.
As shown in Figure 1, the unsafe caption "A deadly
looking gun on a table next to a child"
is paired with the safe caption "A delicious looking
bunt cake on a table next to fruit"—a
weak match that overlooks more relevant alternatives. In
contrast, our method identifies "A kid sitting at a
table with some food" as the closest safe candidate
based on semantic proximity. This reduces representational
shift and supports both better generalization and more
context-aware safety alignment.

Proposed Approach
We propose three key improvements over Safe-CLIP to
enhance safety alignment while preserving generalization.
First, we introduce a relative redirection loss that encourages
unsafe embeddings to move away from their original repre-
sentations and closer to safe counterparts. Second, we adopt
a proximity-based alignment strategy that redirects each un-
safe input to the most semantically compatible safe target,
avoiding noisy mappings. Third, we implement a progres-
sive training schedule that begins with easier unsafe–safe
pairs and gradually introduces harder examples to stabilize
learning and reduce representation shift. We also introduce
NSFWCaps, a new benchmark for robust safety evaluation
under distributional shift.

Relative Cross-Modal Redirection
The standard cross-modal redirection objective in Equation
1 relies on a random set of in-batch negatives, resulting in

weakened generalization and cross-modal alignment (Limi-
tation 1). To address this issue, we propose a relative redi-
rection objective that replaces the in-batch negative set with
a single, targeted hard negative: the corresponding unsafe
cross-modal embedding obtained from the frozen reference
model. This formulation not only aligns unsafe inputs with
their intended safe counterparts, but also explicitly discour-
ages similarity to their original cross-modal unsafe represen-
tations. This loss is applied to both text and image embed-
dings, ensuring consistency across modalities. Formally, the
loss for image encoder V is defined as:

Limage
cross-redir =

1

N

N∑
i=1

log
(
1 + exp

(
cos(V(v∗i ), T0(t∗i ))

− cos(V(v∗i ), T0(ti))
))

, (3)

where N is the batch size, V is the image encoder, T0 is
the frozen reference text encoder, v∗i is the unsafe image, and
ti and t∗i are the corresponding safe and unsafe captions, re-
spectively. This objective penalizes instances where the un-
safe image remains more similar to its unsafe caption than to
its paired safe one. A similar loss Ltext

cross-redir is applied to text
encoder T , where the roles of image and text are swapped.

By explicitly enforcing this separation, our approach mit-
igates the false negative issue in Safe-CLIP’s cross-modal
redirection loss. Instead of simply redirecting unsafe em-
beddings toward a specified safe alternative and repelling
potential meaningful positives, our loss actively discourages
embeddings from retaining their original unsafe characteris-
tics, ensuring a more effective semantic shift.

Proximity-Based Alignment
To address the semantic misalignment resulting from the
fixed unsafe–safe pairings enforced in Safe-CLIP (Limi-
tation 2), we propose a proximity-based alignment strat-
egy. Rather than relying on manually specified safe tar-
gets—which may be poorly matched to the unsafe con-
cept—our method selects the most semantically compatible
safe alternative for each unsafe input. This ensures that re-
alignment occurs along semantically meaningful directions,
minimizing disruption to the pretrained representation space
to preserve both generalization and structural consistency.
Selecting Semantically Aligned Safe Pairs: To construct
reliable unsafe–safe training pairs, we leverage the CLIP
text encoder to identify the most semantically compati-
ble safe caption for each unsafe caption. Specifically, for
a given unsafe caption t∗i , we compute its cosine similar-
ity with every candidate safe caption tj in the dataset as
sij = cos(T0(t∗i ), T0(tj)), where T0 denotes the frozen ref-
erence text encoder. We then select the best-matching safe
caption t̂i = tj∗ , where j∗ = argmaxj sij , and use its cor-
responding image v̂i to form the aligned safe pair (v̂i, t̂i)
for training. This retrieval process is performed offline, en-
suring efficient integration into the training pipeline without
additional computational overhead.
Updated Relative Cross-Modal Redirection: We refine
the soft redirection objective in Equation 3 by replacing

36015



the fixed safe counterpart ti with the closest semantically
aligned safe embedding t̂i, as defined in the previous sec-
tion. This modification ensures that each unsafe input is
redirected toward a safe target that is contextually compati-
ble and semantically meaningful. The updated image-to-text
redirection loss is defined as:

Limage
prox-cross-redir =

1

N

N∑
i=1

log
(
1 + exp

(
cos(V(v∗i ), T0(t∗i ))

− cos(V(v∗i ), T0(t̂i))
))

, (4)

where V is the image encoder and T0 is the frozen reference
text encoder. A symmetric loss Ltext

prox-cross-redir is defined anal-
ogously by swapping modalities.

By redirecting unsafe inputs toward the closest semanti-
cally appropriate safe alternatives, this updated loss mini-
mizes representational shift during safety fine-tuning, better
preserving the structure of the pretrained embedding space.
Updated Uni-Modal Redirection: We also update the uni-
modal redirection loss by replacing the fixed safe target with
the closest semantically aligned counterpart v̂i. This encour-
ages unsafe embeddings v∗i to move closer to safe represen-
tations that are contextually compatible. The updated uni-
modal loss for the image modality is defined as:

Limage
prox-uni-redir = − 1

N

N∑
i=1

cos(V(v∗i ),V0(v̂i)), (5)

where V is the trainable image encoder and V0 is its frozen
reference counterpart. A corresponding loss Ltext

prox-uni-redir is
defined analogously for the text encoder. This uni-modal
alignment objective ensures that, during safety fine-tuning,
each unsafe concept is redirected toward its closest safe
counterpart within the same modality—thereby minimizing
representational shift and preserving the structure of the pre-
trained embedding space.
Full Redirection Loss: Our final redirection loss combines
both cross-modal and uni-modal objectives, each based on
proximity-aware alignment. These losses jointly encourage
unsafe embeddings to move closer to semantically compat-
ible safe counterparts while discouraging similarity to their
unsafe forms. The complete redirection loss is defined as:

Lredir = Limage
prox-cross-redir + Ltext

prox-cross-redir + Limage
prox-uni-redir + Ltext

prox-uni-redir.
(6)

Following Safe-CLIP (Poppi et al. 2024a), we additionally
include preservation losses that maintain the global structure
of CLIP’s pretrained embedding space. The overall training
objective is the sum of these preservation losses and our pro-
posed redirection loss, enabling effective safety alignment
with minimal disruption to the pretrained representation ge-
ometry.

Progressive Training for Safety Alignment
To ensure stable adaptation and minimize representation
shift during safety fine-tuning, we adopt a progressive train-
ing strategy based on the difficulty of unsafe samples. Each
unsafe–safe pair is categorized as easy, medium, or hard ac-
cording to the cosine similarity between their captions. Pairs

with higher similarity are considered semantically closer and
less likely to disrupt the pretrained embedding space. Train-
ing proceeds in three phases: (1) we begin with only easy
unsafe–safe pairs to allow stable initialization, (2) gradually
introduce medium samples to improve redirection strength,
and (3) finally include hard examples, which require larger
representational shifts. This curriculum helps the model
align unsafe content with safe targets in a smooth and con-
trolled manner, improving safety without sacrificing gener-
alization.

NSFWCaps: Robust Safety Evaluation Set

The ViSU (Poppi et al. 2024a) test set suffers from the
same alignment issues identified previously, where un-
safe–safe pairs are often poorly matched (e.g., "a deadly
looking gun..." paired with "a delicious
bunt cake...”), leading to noisy results. To overcome
this limitation we introduce NSFWCaps, a new benchmark
for evaluating cross-modal safety alignment under a slight
distribution shift. We begin with the image-caption pairs
from the validation split of NoCaps (Agrawal et al. 2019b),
which is largely composed of near or out-of-domain ob-
jects compared to COCO (of which ViSU is based on).
For each caption, we carefully generate a related unsafe
variant using LLaMA-3-70B (Grattafiori et al. 2024). The
prompt edits only safety-relevant details while preserving
the original semantics. This process is applied across
20 NSFW categories from (Schramowski, Tauchmann,
and Kersting 2022). Unsafe images are then generated
using an NSFW-tuned Stable Diffusion model2, yielding
4.5K image–text pairs. We apply a multi-stage filtering
pipeline to select high-quality examples. First, we filter
images using NudeNet (Bedapudi 2019) and the Q16 de-
tector (Schramowski et al. 2023a) to ensure visual unsafety.
Next, we compute JINA-CLIP (Koukounas et al. 2024)
similarity between each safe–unsafe caption pair and retain
the most semantically aligned examples from each category.
The final dataset contains 1,000 quadruples—each with a
safe image, unsafe image, safe caption, and unsafe caption.
Safe and unsafe elements are tightly aligned in meaning but
differ in safety. On average, NSFWCaps safe and unsafe
captions have a JINA-CLIP similarity of 0.81, compared to
0.62 in ViSU, making it a strong testbed for more robust
cross modal safety evaluation.

Experiments

We evaluate our method on cross-modal retrieval, zero-
shot classification, and multi-modal generation to assess the
safety–generalization trade-off. Retrieval tests redirection of
unsafe inputs without harming safe retrieval, zero-shot clas-
sification evaluates generalization, and generation tasks as-
sess safety and semantic fidelity. Our approach improves
generalization while maintaining strong safety.

2https://huggingface.co/stablediffusionapi/newrealityxl-
global-nsfw
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Method ViSU NSFWCaps Zero-Shot
AverageT → V V → T T∗ → V V∗ → T T → V V → T T∗ → V V∗ → T

CLIP 36.8 39.9 2.8 5.5 69.6 73.4 3.8 7.9 74.3
DataComp-1B 46.7 47.0 1.6 5.5 79.0 80.3 2.8 12.9 —
CLIP† 54.5 54.9 2.0 6.6 78.9 79.1 4.6 13.1 67.3

Safe-CLIP 49.1 48.8 14.5 23.8 76.6 76.7 35.4 47.1 52.2
Ours 52.0 (+2.9%) 51.5 (+2.7%) 27.9 (+13.4%) 24.6 (+0.8%) 81.8 (+5.2%) 78.1 (+1.4%) 79.5 (+44.1%) 72.3 (+25.2%) 60.2 (+8.0%)

Table 1: Left: Retrieval performance (R@1) on ViSU and NSFWCaps. We report safe-to-safe retrieval (T → V, V → T)
and unsafe-to-safe redirection (T∗ → V, V∗ → T). Right: Average zero-shot classification accuracy across 11 datasets.
† indicates CLIP fine-tuned on safe data only. Improvements over Safe-CLIP are shown in dark green.

Datasets
Training Dataset: ViSU (Poppi et al. 2024a) is a synthetic
dataset containing 169K quadruples, each with a safe im-
age–caption pair and its corresponding unsafe variant. Safe
examples are drawn from COCO Captions (Lin et al. 2014;
Chen et al. 2015) using Karpathy’s split (Karpathy and Fei-
Fei 2015), while unsafe counterparts are generated using a
fine-tuned LLM and a diffusion-based NSFW image genera-
tor. The data spans 20 NSFW categories, which are used for
training and retrieval-based redirection evaluation.
Generalization Evaluation Datasets: We assess zero-shot
generalization across 11 benchmarks, including ImageNet
and its variants (IN-A, IN-R, IN-V2, IN-S) and standard
CLIP evaluation datasets such as Caltech101, Oxford Pets,
Flowers102, Stanford Cars, UCF101, and DTD (Fei-Fei,
Fergus, and Perona 2004; Parkhi et al. 2012)
NSFW Evaluation Datasets: We evaluate cross-modal
safety using both synthetic and real-world unsafe inputs. For
synthetic evaluation, we report retrieval results on the ViSU
test set (Poppi et al. 2024a) and our proposed NSFWCaps
benchmark, where safe content is real and unsafe counter-
parts are synthetically generated. For real-world evaluation,
we follow (Poppi et al. 2024a) and use NSFW images from
NudeNet (Bedapudi 2019), SMID (Crone et al. 2018), and
public NSFW URLs3. These are used across both retrieval
and image-to-text generation tasks, enabling broad evalua-
tion of safety alignment in response to real unsafe content.
For text-to-image safety, we use I2P (Schramowski et al.
2023a), a benchmark comprising diverse NSFW prompt cat-
egories.

Implementation Details
We build on the CLIP (Radford et al. 2021) architecture and
adopt the ViT-L/14 variant as our main backbone, consis-
tent with both Stable Diffusion v1.4 (Rombach et al. 2022b)
(text encoder) and LLaVA (Liu et al. 2023) (vision encoder).
All models are implemented using PyTorch and trained us-
ing the Safe-CLIP (Poppi et al. 2024a) public repository as
our base framework. We fine-tune both the vision and text
encoders using LoRA (Hu et al. 2021) adapters with a fixed
rank of r = 16. We use the Adam optimizer (Kingma and Ba
2014) with a learning rate of 1×10−4, a batch size of 48, and
train for 9 epochs. To encourage smooth safety fine-tuning

3https://github.com/EBazarov/nsfw_data_source_urls

and reduce abrupt shifts in the embedding space, we em-
ploy progressive training: the first epoch uses only easy un-
safe–safe pairs, the second uses both easy and medium sam-
ples, and the remaining epochs include all three difficulty
levels (easy, medium, and hard). A fixed random seed of 42
is used for all training and evaluation runs. To ensure repro-
ducibility in synthetic data generation used for ViSU train-
ing, we fix the generation seed to 8185. This seed is consis-
tently applied across all models, including our method and
baselines. All experiments are conducted on A6000 GPUs.
For fair comparison, we re-train all baselines under identical
settings, including Safe-CLIP (Poppi et al. 2024a) and the
CLIP† baseline, which is fine-tuned on safe data using only
preservation losses i.e. no re-directional losses are used.

Cross-Modal Retrieval Evaluation
We evaluate cross-modal retrieval on both ViSU (Poppi
et al. 2024a) and our proposed NSFWCaps benchmark.
ViSU includes 5K test samples, while NSFWCaps contains
1K carefully curated pairs with stronger semantic coupling.
We compare against: CLIP (Radford et al. 2021), Safe-
CLIP (Poppi et al. 2024a), a CLIP variant trained on NSFW-
filtered DataComp-1B (Gadre et al. 2023), and CLIP† (fine-
tuned on only safe ViSU data).
Retrieval Protocols. We report results on: (1) Safe-to-Safe
Retrieval, evaluating whether safety fine-tuning preserves
text-to-image (T → V) and image-to-text (V → T) re-
trieval accuracy; and (2) Unsafe-to-Safe Redirection, assess-
ing whether unsafe queries (T∗,V∗) retrieve corresponding
safe targets instead of unsafe ones.
Results. Table 1 shows that our method consistently outper-
forms Safe-CLIP. On ViSU, we improve T∗ → V by 13.4%
while preserving safe retrieval (+2.9%). On NSFWCaps, we
observe even greater gains (+44.1% T∗ → V), demonstrat-
ing safety alignment with better generalization retention.
Robustness to Real NSFW Images. To evaluate safety un-
der real-world distribution shifts, we follow (Poppi et al.
2024a) and assess retrieval on real NSFW images from
NudeNet (Bedapudi 2019), SMID (Crone et al. 2018), and
public NSFW URLs.4 While NudeNet and NSFW URLs
cover nudity-related content, SMID includes broader unsafe
categories such as harm and discrimination. Each dataset
contributes to the unsafe image set V∗, while unsafe texts
T∗ are taken from the ViSU test set. For safe retrieval, we

4https://github.com/EBazarov/nsfw_data_source_urls
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Method % NSFW V → T ↓ % NSFW T → V ↓
NSFW URLs NudeNet SMID NSFW URLs NudeNet SMID

CLIP 91.6 94.1 96.3 98.8 99.6 97.0
DataComp-1B 82.1 87.0 87.6 89.4 89.5 93.5
CLIP† 91.1 93.7 88.3 95.7 97.0 87.6

Safe-CLIP 21.1 13.0 14.2 41.1 43.1 26.6
Ours 18.5 10.7 3.1 37.2 27.0 16.9

Table 2: Retrieval results on real NSFW data using un-
safe queries (↓ is better). Lower values indicate better fil-
tering of unsafe content. † denotes safe-only fine-tuning on
ViSU (Poppi et al. 2024a).

sample 10K safe captions T and image V distractors from
LAION-400M (Schuhmann et al. 2021). Table 2 presents
the results, where %NSFW represents the fraction of re-
trieved items that are unsafe, given an NSFW query. Our
method significantly reduces the percentage of unsafe items
retrieved compared to all baselines, demonstrating improved
robustness to real-world NSFW inputs.

Zero-Shot Classification Generalization
Zero-shot classification reflects CLIP’s ability to generalize
across diverse datasets without task-specific supervision. In
Table 1 (right), we report the average accuracy across 11
benchmarks. Safe-CLIP (Poppi et al. 2024a) suffers a 22%
drop in average accuracy compared to the original CLIP
model. In contrast, our method improves over Safe-CLIP by
8%, demonstrating stronger generalization while maintain-
ing safety alignment.

Text-to-Image Generation
We evaluate safety alignment of our fine-tuned textual en-
coder by integrating it into Stable Diffusion v1.4 (Rombach
et al. 2022b) for CLIP-guided text-to-image generation. We
run evaluations on the full I2P benchmark (Schramowski
et al. 2023a), which includes 4,700 NSFW prompts across
seven categories. Safety is assessed using the NudeNet (Be-
dapudi 2019) classifier for sexual content and the Q16 clas-
sifier (Schramowski et al. 2023a) for others categories. As
shown in Table 3, our method reduces the average NSFW
score from 37.1 to 16.0, outperforming base CLIP and
matching Safe-CLIP (Poppi et al. 2024a). However, un-
like Safe-CLIP, we achieve this safety while preserving bet-
ter generalization, as demonstrated in the previous section.
Combining our approach with inference-time methods like
Safety Guidance (SLD) (Schramowski et al. 2023b) or Neg-
ative Prompting yields further improvements.

Image-to-Text Generation
We assess the safety alignment of our fine-tuned visual en-
coder by integrating it into LLaVA (Liu et al. 2023), re-
placing the standard CLIP image encoder without addi-
tional training. We generate captions for real NSFW images
from NudeNet (Bedapudi 2019), public NSFW URLs, and
SMID (Crone et al. 2018), following prior work (Poppi et al.
2024a). Captions are evaluated using a GPT-based NSFW

Method AVG ↓ +Ours

SD v1.4 37.1 –
+CLIP† 34.4 –
+Safe-CLIP 16.1 16.0 (+0.1%)

+SLD-Weak 23.7 13.9 (+9.8%)
+SLD-Medium 17.4 12.8 (+4.6%)
+SLD-Strong 12.1 12.0 (+0.1%)
+Neg-Prompt 12.3 11.9 (+0.4%)

Table 3: Average NSFW score for text-to-image generation
on the I2P benchmark (↓ is better). Our method improves
over base CLIP and matches Safe-CLIP performance. † de-
notes safe-only fine-tuning.

classifier (LLaMA-3.1-8B) and the Perspective API5 to mea-
sure both NSFW content and toxicity levels. As shown in
Table 4, our approach effectively reduces unsafe caption
content, matching or outperforming Safe-CLIP (Poppi et al.
2024a).

NudeNet ↓ NSFW URLs ↓ SMID ↓

Model NSFW % Tox. NSFW % Tox. NSFW % Tox.

LLaVA 75.5 36.2 56.4 24.9 24.2 5.4

+CLIP† 66.8 29.2 52.4 22.2 17.0 4.5
+Safe-CLIP 31.5 16.4 27.9 13.6 8.8 4.1
+Ours 25.4 12.4 27.6 11.0 7.7 3.6

Table 4: NSFW and toxicity scores for image-to-text gen-
eration (↓ is better). † denotes safe-only fine-tuning on
ViSU (Poppi et al. 2024a).

Conclusion
We present SafeR-CLIP, a fine-tuning strategy that redi-
rects unsafe embeddings toward safe counterparts while pre-
serving model utility. Unlike prior approaches that rely on
noisy mappings, our method uses proximity-based redirec-
tion to guide unsafe inputs toward semantically aligned safe
alternatives. This improves safety alignment across multiple
tasks—enhancing redirection in retrieval, reducing unsafe
generations in text-to-image synthesis, and lowering toxicity
in image captioning—while retaining strong generalization,
as demonstrated by zero-shot classification results. These
findings highlight that proximity-aware redirection offers
an effective balance between safety and performance. Fu-
ture work may explore asymmetric encoder adaptation and
broader real-world deployment of safety-tuned models.
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