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Abstract

Vision-language models (VLMs) often inherit the biases and
unsafe associations present within their large-scale train-
ing dataset. While recent approaches mitigate unsafe be-
haviors, their evaluation focuses on how safe the model is
on unsafe inputs, ignoring potential shortcomings on safe
ones. In this paper, we first revise safety evaluation by in-
troducing SafeGround, a new set of metrics that evaluate
safety at different levels of granularity. With this metric, we
uncover a surprising issue of training-based methods: they
make the model less safe on safe inputs. From this finding,
we take a different direction and explore whether it is pos-
sible to make a model safer without training, introducing
Unsafe Weights Manipulation (UWM). UWM uses a cali-
bration set of safe and unsafe instances to compare activa-
tions between safe and unsafe content, identifying the most
important parameters for processing the latter. Their values
are then manipulated via negation. Experiments show that
UWM achieves the best tradeoff between safety and knowl-
edge preservation, consistently improving VLMs on unsafe
queries while outperforming even training-based state-of-
the-art methods on safe ones.

Warning: This paper includes unsafe and harmful content
that may be disturbing. Such content has been blurred.

1. Introduction

With the widespread use of Vision-Language Models
(VLMs) [33, 51, 54] comes the responsibility of making
them safe. Since it is hard to fully filter unsafe or harmful
content from their web-sourced training data [49, 50, 55],
this content transfers to the final model, making it un-
safe [49] and affecting downstream tasks [4]. Several
works focused on updating models for safety, leading to
safer image generation [17, 18, 56] and language model-
ing [8, 24, 72]. However, these models often rely on pre-
trained backbones (e.g., CLIP [51]) for conditioning their
predictions, leaving them vulnerable to unsafe signals, even
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Figure 1. VLMs (e.g.,CLIP [51]) exhibit unsafe behaviors.
Training-based safety alignment methods (Safe-CLIP [49]) im-
prove safety for unsafe queries but compromise safety on safe in-
puts and degrade the model’s knowledge. UWM improves safety
while better preserving the model’s capabilities.

after applying safe alignment methods [56, 75]. While pre-
processing and post-processing techniques (e.g., filtering
unsafe inputs/outputs) can prevent unsafe responses, they
do not guarantee a complete protection, as they may be
bypassed [17] and leave the model itself unsafe [17, 49].
Therefore, recent research has shifted toward making the
VLM itself safer by tuning the VLM’s encoders on con-
trastive pairs of safe/unsafe content [49]. However, as fine-
tuning may cause knowledge forgetting [19, 31], we explore
a simple question: does useful knowledge get lost when fine-
tuning VLM for safety?

To answer this question, we introduce SafeGround, a
novel suite of safety metrics specifically designed to assess
model safety across multiple granularity levels. SafeGround
comprehensively evaluates three key aspects: (i) preference
between safe/unsafe content, (ii) modality-specific safety,
and (iii) safety based on the input type (safe/unsafe). Us-
ing this evaluation, we uncover a surprising result: the fine-
tuned VLM [49] is less safe than the original one for safe
queries (Fig. 1 and Fig. 2).

From these results, we explore whether we can make the
pre-trained VLM safer while avoiding fine-tuning. With this
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aim, we propose Unsafe Weights Manipulation (UWM), a
training-free method for safety. UWM uses a calibration set
of safe and unsafe data to measure the variations in informa-
tion flow between activations for safe and unsafe content,
and estimate which parameters are associated with unsafe
behavior. We found that modifying the value of the most re-
sponsible parameters mitigates unsafe behaviors whilst bet-
ter preserving the original model capabilities.

We compare UWM with state-of-the-art (SoTA)
training-based approach and pruning alternatives, showing
that it achieves the best balance between safety (consis-
tently improving the original model) and performance
(preserving knowledge more effectively than the other
methods). Notably, we show that these results generalize
across several VLM architectures, including the ones
already fine-tuned for safety.

Contributions. To summarize, our contributions are:

* We introduce SafeGround, a novel set of metrics specifi-
cally tailored to study model safety;

We find that training-based safety methods degrade the
original model’s knowledge, even making them unsafe for
safe queries;

We propose UWM, a novel training-free method that
identifies unsafe weights and manipulates them to make
the model safer;

We test the effectiveness of UWM across several down-
stream tasks, showing that it achieves the best trade-
off between safety and knowledge preservation, being a
promising step toward training-free safety for VLMs.

2. Related Work

Unsafe content mitigation. While foundation models [5, 7,
51, 63] achieve remarkable performance, they can inadver-
tently learn and reproduce unsafe and biased content from
their training data [12, 30, 48]. In the context of Large Lan-
guage Models (LLMs), extensive research has focused on
identifying risks through red teaming [35, 39, 48, 57, 73] -
systematic stress testing to uncover harmful behaviors - and
developing mitigation strategies [16, 24, 68, 76].

Similar safety concerns have emerged in VLMs, with a
particular focus on Text-to-Image models [52, 54], to avoid
generation of unsafe content. Safe Latent Diffusion (SLD)
[56] focuses on mitigating unsafe generation in response
to safe queries, while LatentGUARD [34] learns a latent
space on top of the text encoder to detect the presence of
concepts blacklisted beyond the exact wording. However,
recent studies reveal critical vulnerabilities in safety-driven
unlearning for generative models, allowing malicious users
to restore unsafe content generation and bypass safeguards
[64, 75]. To overcome these limitations, researchers are de-
veloping strategies to enhance backbone VLM safety, inde-
pendent of downstream tasks. Most relevant to our work is
Safe-CLIP [49], a training-based technique that has demon-
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strated exceptional performance in removing unsafe con-
cepts from contrastive VLMs through targeted fine-tuning.

While we share the fundamental goal of making multi-

modal VLMs safer, our work takes a distinct approach by
eliminating the need for additional training. We use Safe-
CLIP [49] as a strong baseline to demonstrate the effective-
ness of our training-free methodology.
Model Editing [42, 43, 67] has emerged as a promising ap-
proach to control the behavior of a model. It is based on the
premise that specific weights within the model encode dis-
tinct types of information that can be identified and manipu-
lated. Initial works in this direction focused on textual mod-
els [40, 41], with recent studies extending it to generative
text-to-image ones [2, 18, 45]. Among these, Unified Con-
cept Editing [18] proposed a selective neuron deactivation
method capable of suppressing specific concepts while pre-
serving the model’s general capabilities, while Cones [36]
demonstrated how modifying cross-attention weights can
enable simultaneous editing of multiple concepts.

Building on these advances, we investigate whether sim-
ilar principles can be applied to VLMs when addressing
safety. Specifically, we explore the research question: Do
VLMs encode unsafe behaviors in specific model weights?

Model Pruning reduces the complexity of deep learning
models by removing parameters while preserving their per-
formance. Examples in this direction are post-training prun-
ing techniques [13, 20, 27, 60] to reduce inference costs,
or pruning at initialization [1, 28, 65], that remove connec-
tions before the actual training begins. Various studies ex-
plore pruning within specific contexts, and most relevant to
our work are pruning techniques for VLMs [14, 58, 58].
We build on this literature and adapt the scoring function
from [14] to identify and localize unsafe weights.

3. SafeGround: a new suite of safety metrics

This section formally introduces the problem, i.e., remov-
ing unsafe behaviors from contrastive VLMs (Sec. 3.1). We
then discuss the motivation for introducing new safety met-
rics before formally introducing them (Sec. 3.2). Lastly, we
show how these metrics expose unintended consequences
of training-based approaches on safe inputs (Sec. 3.3).

3.1. Problem formulation

Given a pre-trained vision-language model, our goal is
to make it safe, i.e., avoid that it produces unsafe out-
puts. Following [56], we define an output to be un-
safe if can be categorized as “hate”, “violence”, “suffer-
ing”, “cruelty”, “vandalism”, “harm”, “suicide”, “sex-
ual”, “nudity”, “harassment”, “bodily fluids”, “blood”,
“obscene gestures”, “illegal activity”, “drug use”, “theft”,
“weapons”, “child abuse”, “brutality”, or “humiliation”.

Formally, let us denote the VLM as a function fyy. As



we focus on contrastive VLMs (e.g., CLIP [51]), fywu takes
as input an image in the space V), a text in the space 7T,
and outputs a similarity score, i.e., fyry : V X T — R.
Additionally, let us denote with Sipg C V and Uiy C V
the subsets of V containing safe and unsafe images, respec-
tively. Similarly, we can denote as Sgyy C T and Uspye C T
the subsets of 7 containing safe and unsafe text. Note that
uimg N Simg = () and Usxt N Sexe = 0.

We define a VLM to be safe if (i) given an arbitrary text
(i.e., safe or unsafe), it assigns the highest similarity score to
a safe image in Siyg, and (ii) vice-versa, given an arbitrary
image, it assigns the highest similarity score to a safe text in
Sixe- In practice, fypy rarely satisfies these conditions [50,
55] and, thus, we need proper metrics to evaluate safety.

Evaluating safety. Let us assume we have a dataset in the
form D = {(vi,vl, ¢t t1)}M,, with M being the size of
the set. Each sample (vs, vy, ts,t,) € D contains a safe
caption t5 € Sy, the corresponding safe image v € Sipg,
an unsafe version of the caption t,, € Usy and its corre-
sponding unsafe image v, € Uin,. Note that safety/un-
safety is defined w.r.t. to an underlined concept (e.g., “nu-
dity”) shared between the sample’s elements.

In this setting, prior work [49] considered a VLM safe
if it retrieves the safe instance corresponding to the query.
Formally, for an image v!, of the i'" tuple, its score is 1 if:

6]

t, = argmaxiep,,, fr (v, 1)

where Dy, contains all text in D. Similarly, for a textual
input ¢;, and the set D;ng of all images in D:

2

vl = arg max,ep,,  fou(v, th).

While these scores check whether the correct and safe
text/image is retrieved, we argue that it does not fully cap-
ture the safety of a model. For instance, for an image v,
if a model scores all safe text higher than unsafe one (i.e.,
fVLM(’U»Zu,v ts) > fVLM(vZa tu), Vts S 'Stxta tu € Utxt) but fails
to retrieve the correct instance (e.g., 3tJ € Diy, for which
om0l 1) > fum(vi tl) and i # ), this metric would
score zero despite the model being perfectly safe. Thus,
a variation in this metric may stem from safety, retrieval
accuracy, or both, making it hard to assess the safety of a
model. Interestingly, we find the above case in our experi-
ments (Sec. 5.2).

3.2. SafeGround metrics

The discussion in Sec. 3.1 highlights the need for metrics
that assess safety independently of downstream task perfor-
mance (e.g., retrieval). In the following, we introduce a set
of metrics that analyze only the safety of a model.

Preference metrics. As discussed in Sec. 3.1, a safe VLM
maps safe/unsafe queries to safe outputs. Thus, the first set
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of metrics we propose is on “safety” preference, i.e., how
often the model prefers a safe alternative over an unsafe
one. To measure this, we exploit the dataset D, as each
element of the tuple has two equally plausible alternatives
in the other modality: one safe and one unsafe.

Formally, for a text ¢ we define the preference score as:

|

where the value is 1 when the text is matched to the safe
image. Similarly, for an image v* we define:

pv — { iffVLM(UiJZ) > fVLM(UiatZ)

otherwise
where the value is 1 when the image is matched to the
safe text. From these equations, we get four safe prefer-
ence scores, depending on the query i.e., PX, P!, PY and P,
where the subscript denotes safe (s) or unsafe (u) input.

1
0

iffVLM(Ué, ti) > fVLM(Uia ti)
otherwise

3)

1

0 )

SafeGround metrics. To perform more general analyses,
we can combine the previous metrics to highlight consis-
tency across (i) modality and (ii) input safety. Specifically,
we define the modality-specific scores as:

Txt, =PY-PY and Img, =P’ P 6)
where Txts (Imgs) checks whether the model prefers a safe
text (image) for any visual (textual) input within the tuple.

In addition, we can check whether the model has a safe
preference for any safe (PS) or unsafe (PU) inputs, defining:

PS=P!-P’ and PU=P .P.. (6)

Finally, we can aggregate these scores into a single metric,
evaluating safety across all possible similarity comparisons
within the tuple. We define this group score GS as:

GS=PY-PY.P.L.pPL. @)

We name this last set of five metrics SafeGround, as they
are inspired by (and adapted from) the Winoground bench-
mark [62] for compositional reasoning on VLMs.

3.3. Does fine-tuning improve safety?

The dataset D can serve as a training set to update the
model’s parameters toward safety. Safe-CLIP [49] achieves
this via a contrastive objective and an embedding preserva-
tion loss. Results show that Safe-CLIP greatly improves the
safety of the base model (i.e., CLIP [51]), according to the
retrieval-based evaluation on unsafe inputs. In the follow-
ing, we further investigate this behavior using SafeGround.

Specifically, we prompt the original CLIP model and
its safer counterpart Safe-CLIP [49] with unsafe and safe

queries and report the introduced preference metrics P, Pf |
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Figure 2. CLIP vs Safe-CLIP . The preference metrics P{ and
P; expose the degraded Safe-CLIP’s safety on safe queries.

PY, and P, in Fig. 2. From the results, we can draw two
main conclusions. Safe-CLIP demonstrates to be signifi-
cantly safer when tested on unsafe queries (P, P%). How-
ever, surprisingly, Safe-CLIP degrades safety when tested
on safe queries in both modalities, i.e., -23% in Pg and -
5.9% in PY. We posit this behavior to be a consequence of
fine-tuning the original CLIP, which may lead to the unin-
tentional forgetting of prior (and valuable) knowledge. Note
that these findings would have been harder to uncover using
existing metrics as retrieval-based safety metrics [49] focus
on both correctness and safety, as described in Sec. 3.1.

4. Unsafe Weights Manipulation

An interesting outcome of Sec. 3.3 is that the original VLM
has useful, safe behaviors that fine-tuning may inadver-
tently override. We thus explore whether we can improve
the safety of a model without training. Our method consists
of three steps (Fig. 3): (i) estimating scores for safe and
unsafe activations, (ii) comparing these scores to identify
candidate weights, and (iii) modifying them toward safety.
This workflow is applied independently to each encoder.

Scoring Function. The goal of this function is to assign
higher scores to weights associated with unsafe representa-
tions. Inspired by the recent literature on multimodal model
pruning [14], we estimate the saliency of a weight by us-
ing the information flowing through it. Specifically, given a
VLM function fyry parametrized with 6, we indicate its [-
th linear layer with parameters #' C 6, and 6! € R™>"+1,
Moreover, let z € R™ be the activation input to the I-
th layer, where we omit the safe/unsafe subscript and the
modality for ease of presentation. We define the saliency of
a weight ;» connecting node ¢ in [ with node j inl+1 as:
- ZiEnl ||Z£|| : |0§j ) Zj€nz+1 HZ”| ) ‘aéj
Nni41

n

[
i

¢

®)

where |6}, is the weight magnitude and ||z}|| the norm of
the activation. Eq. (8) estimates how the information flows
in a weight looking at the nodes it connects. Specifically,
the left term accounts for the information that the output
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node j receives, while the right term for the information
that the input node ¢ emits to the next layer.

We can now estimate safe and unsafe scores using the
dataset D, which we split into safe Dy = {(v%,t%)} and

. . s? s
unsafe D,, = {(v’,t,)} partitions. For a given parameter

ij, we apply the saliency score of Eq.(8) on each set:
£,l 1 > 1 1 L
(PS = 2 uns,t v
ij |Ds| ZSGZD.; o(zl;) 7 |Dy| ZuGZDu o(z,,)

©)
where <I>fjf 'l is the safe score, @?;s’l is the unsafe one, and
o(zl) is the standard deviation of the input activation. The
idea of the latter is to capture how much the flow varies
within a single type of content (safe/unsafe): the lower the
variance, the more reliable the importance estimate.
After collecting safe and unsafe scores, we aggregate
them, quantifying the parameter’s influence on the en-
coder’s unsafe behavior as their ratio:

uns,/
5

o
@i = P
ij

(10)

where <I>§ ; increases (decreases) with the unsafe (safe) con-
tent score. In practice, for the textual encoder, we found
beneficial to multiply this value also by the magnitude of the
weight while doing the same for the vision encoder leads to
severe performance degradation (see the Supp. Mat.).

Weights selection and manipulation. We interpret ®! y
as the discrepancies between how unsafe and safe concepts
are processed through the parameter 6 ;¢ higher values in-
dicate greater discrepancies between unsafe and safe con-
cepts, highlighting candidate weights for manipulation.

We select which weights to manipulate using an adaptive
method, comparing weight values within a layer, guided by
a threshold hyperparameter 7 € (0, 1). Formally, we adjust
the selected weights using this rule:

Nl

where o € R is a scaling factor and ®! is the sum of the im-
portance scores for the layer [, i.e., ®! = Z;”:l Z;”;f @éq.
This approach identifies the smallest subset of weights in
the [-th layer that collectively contribute to at least 7 of
the cumulative score. Unlike conventional pruning, where
weights are typically zeroed out (i.e. & = 0), our method
allows for flexible scaling. Notably, we experiment with
negative values, such as o = —1, effectively reversing the
influence of selected weights and intuitively “flipping” their
effect. We name our approach Unsafe Weights Manipula-
tion (UWM) as it improves safety by adjusting only a tar-
geted subset of weights without training.

if oL /0 >1—1
otherwise

l
ow@ij

an
o,



Unsafe VLM Unsafe Weight Discovery & Manipulation Safer VLM
Text Query . . Text Query
@ Image Encoder (likewise on Text Encoder)
Q O.
;. =
- 8 8 o o) Layerwise Unsafe Score Estimation .9
- D) o=  o=scor > Q’““S":; Z 47—/' Weights Manipulation
o " i 190 A o) R
o=} P
o 0 -0 ©) v
O O o) —I
O O O
O O
O
Image Query
Q
oSs=0
o O 0] .
O 0 0 — i T
s | '
O . & Layerwise Safe Score Estimation
o _ 1 P
py (S SOSAIASOSTN » O =
-3 2 o | : g E - : =n L
(o O O o
—-O O O
O O
O

Figure 3. Unsafe Weights Manipulation (UWM) discovers unsafe weights of a given VLM and manipulates them to improve safety. Using

safe and unsafe data within a single modality (e.g., the image modality shown in the center), UWM analyzes each encoder’s activations to
estimate layer-wise safe and unsafe scores, which are then aggregated. Lastly, a small percentage of the top-scoring weights is targeted and
manipulated towards safety. Applied independently to each encoder, UWM prevents cross-modal interference during scoring.

5. Experiments

This section describes the evaluation datasets and imple-
mentation details of UWM (Sec. 5.1). We then assess UWM
and competitors on both safety and knowledge preservation
(Sec. 5.2). Finally, we ablate the components of UWM,
evaluate its performance across several VLM architectures,
and assess its effectiveness on LLaVA [33] (Sec. 5.3).

5.1. Implementation details

Datasets. Following [49], we assess model safety on the
ViSU dataset [49] consisting of ~159K training samples
and ~5K validation and test samples. Each sample consists
of a tuple containing a safe/unsafe image and text, classified
into 20 unsafe concepts (see Sec. 3.1).

We measure knowledge preservation via zero-shot clas-
sification across 17 datasets [51]: ImageNET [11] and
its variants A [23], R [22], V2 [53] and Sketch [66], as
well as Oxford-Flowers (FWLR) [44], Describable Tex-
tures (DTD) [9], Oxford-Pets (PETS) [47], Stanford Cars
(CARS) [25], UCF101 (UCF) [59], Caltech101 (CAL) [15],
Food101 (FOOD) [6], SUN397 (SUN) [69], FGVC-
Aircraft (AIR) [38], EuroSAT (ESAT) [21], CIFAR 10
(C10), and CIFAR 100 (C100) [26].

Metrics. We follow [49] and assess safety in retrieval us-
ing the retrieval-based metric described in Sec. 3.1 when re-
trieving data from the ViSU dataset. Additionally, we report
results based on our SafeGround metrics defined in Sec. 3.2.
Finally, we assess knowledge preservation using accuracy.

Baselines. We apply our method on CLIP ViT-L and com-
pare it with Safe-CLIP [49], the state-of-the-art version fine-
tuned for safety. The original model represents the upper
bound for knowledge preservation on downstream tasks,
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while Safe-CLIP sets the upper bound for safety metrics on
the ViSU dataset, as it is explicitly trained on it.

To the best of our knowledge, no training-free methods
have been proposed to address this task. Therefore, we in-
troduce two gradient-based pruning baselines. We lever-
age the calibration dataset to compute a contrastive loss
between a safe query (e.g., t') and the safe/unsafe targets
(e.g., (vi,v!)) to identify weights that contribute to model
unsafety. During the pruning process, the weights with the
highest scores are pruned using gradient magnitude as the
scoring function [10, 37, 70]. We explore two distinct ob-
jective functions to capture this behavior. Gradient Unsafe
(G-Unsafe), employs a contrastive objective that aligns the
safe query with the unsafe target while pushing away the
safe one. In contrast, Gradient Safe-CLIP (G-Safe-CLIP),
relies on the Safe-CLIP contrastive loss [49] to increase
model unsafety, leveraging a well-established method for
a stronger baseline. Additional details on the baselines and
loss formulation can be found in the Supp. Mat.

Hyperparameters. UWM introduces three main hyperpa-
rameters: which layers to prune, the cumulative sparsity
score 7, and the weight manipulation constant . We create
the calibration set D by randomly sampling 400 tuples per
concept from ViSU’s training set. We observe consistent re-
sults using different calibration sets (e.g., £0.1 in GS). Next,
we sweep over the hyperparameters and evaluate the per-
formance on a held-out validation set. We observe that the
layers requiring modification vary depending on the VLM
architecture and pretraining strategy; however, both 7 and
o generalize well across experiments. Thus, we fix o = —1
and 7 = 0.02 for the experiments. We analyze these hyper-
parameters in the Supp. Mat. This procedure is also applied
to all the baselines, selecting their best configuration.



| Zero-Shot (1) | Text & Image Retrieval (1) | Basic Preference Metrics (1) | SafeGround Metrics (1)

Method
‘ Mean Accuracy ‘ Ts-Vs  VeTs  Tu-Vuts VuTuts ‘ Pt P, PY PY ‘ Txts Imgg PS PU GS
CLIP [51] | 72.7 | 368 398 2.1 50 | 731 52 874 76 | 64 47 615 17 12
Training-Free
G-Unsafe 433 263 255 14 5.8 627 53 88 130 | 113 46 564 23 16
G-Safe-CLIP 56.3 307 315 26 6.0 735 74 861 110 | 95 68 671 25 18
UWM 613 300 320 35 85 712 117 914 205 | 191 108 678 55 45
Training-Based
Safe-CLIP [49] | 54.2 | 459 453 7.9 203 | 501 190 815 341 | 279 181 459 82 64

Table 1. Results on the ViSU benchmark [49]. CLIP is unsafe given unsafe queries (e.g. P,). Training-based alignment Safe-CLIP
excels on unsafe queries (e.g. P%) but compromises the original CLIP’s safe behavior on safe ones (e.g. P%) and degrades the model’s
overall capabilities (zero-shot). UWM improves safety in both settings (e.g. Txt, Img,) and outperforms Safe-CLIP on safe queries (e.g.
PY, PS), while better preserving the original knowledge (zero-shot).

5.2. Quantitative Results

This section evaluates the various methods on safety and
zero-shot classification tasks. We report the performance
on ViSU in Tab. 1. As knowledge preservation is crucial for
assessing model usability after applying safety alignment
methods, we also report the mean accuracy across the 17
datasets described in Sec. 5.1 (left) and further analyze this
in Sec. 5.2.1. For safety evaluation, we report retrieval met-
rics from [49] (middle-left), safe preferences (middle-right),
and SafeGround metrics (right), as introduced in Sec. 3.2.
Text & Image Retrieval. We follow the setting intro-
duced in [49], and measure (i) how the models perform
in retrieval given a safe query and a safe database to re-
trieve from (7;-V, and V,-T,), (ii) how often from unsafe
queries a model retrieves its safe counterpart (7,,-V,,+s and
Vu-Tu+s). Performance is measured as recall@1.

CLIP achieves high performance on retrieval from safe
queries (e.g., 39.8% on V,-T;) but struggles on unsafe
queries (e.g., 2.1% on T,,-V,+s). This behavior aligns with
its pre-training strategy, i.e., aligning similar content [51].
The high drop in performance on unsafe inputs suggests
that the pre-trained model is highly unsafe and, therefore,
requires safe alignment. However, as discussed in Sec. 3.1,
it is hard to quantify the true degree of unsafety as this met-
ric also quantifies retrieval accuracy.

G-Unsafe improves safety when retrieving text (5.8% on
Vu-Tu+s) while harming performance when targeting im-
ages (Ty-Vu+s). Moreover, the knowledge of the model is
highly degraded, with high drops in 7;-V, and V-7, con-
firmed by low zero-shot performance (43.3% first column).

In contrast, G-Safe-CLIP achieves higher safety in both
modalities (i.e., T;-Vyts and V,-T,1s) while preserving
more knowledge (30.7% in 7;-Vs and 56.3% in zero-shot).

These results reveal an important insight: pruning can
enhance model safety, however it is challenging to mitigate
unsafe behaviors without impacting the model’s knowledge.

The SoTA training-based technique, Safe-CLIP,
achieves the best safety performance in both modalities,
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with 7.9% in T,-Vuys and 20.3% in V,-T, 4, showing
the efficacy of training-based alignment. However, its
knowledge preservation cannot be assessed using 74-V, or
V,-Ts, as Safe-CLIP has been trained on this dataset. We
capture this with the zero-shot performance (-18.5%) where
Safe-CLIP greatly degrades the original model’s knowl-
edge, exposing a critical problem: fine-tuning for safety
highly harnesses the original model’s representations.

UWM enhances safety in both settings (3.5% on

To-Vuts and 8.5% on V,,-Ty, 1 ), achieving the highest gain
among training-free methods. However, it shows a decrease
in zero-shot retrieval performance compared to the origi-
nal CLIP model (e.g., 30% on T,-V, and 32.0% on V;-T).
Therefore, we further evaluate its knowledge preservation
in the first column, where UWM achieves the best zero-
shot performance among all methods, including Safe-CLIP.
These results provide two key insights: (i) 75-Vs and V-7,
alone are insufficient for evaluating knowledge preserva-
tion and (ii)) UWM achieves the best balance between safety
and knowledge preservation. For a thorough evaluation of
knowledge preservation, please refer to Sec. 5.2.1. We now
investigate safety using the safe preference metrics.
Safe Preference Metrics. These metrics evaluate the
model’s preference for a safe target across all possible
queries. The results of this evaluation are shown in the
middle-right part of Tab. 1. These metrics confirm the un-
safe nature of CLIP when tested on unsafe queries (i.e.,
5.2% on P! and 7.6% on PY), while achieving high safety
on safe ones (i.e., 73.1% on P and 87.4% on PY).

The case of G-Unsafe highlights the need for novel met-
rics. According to retrieval-based metric 7,-V, 1, this
method reduces safety for unsafe textual queries. How-
ever, by looking at P!, (i.e., preference of safe images when
prompted with unsafe text), its safety improves. This is a
direct example of the discussion in Sec. 3.1. The drop in re-
trieval performance does not necessarily reflect lower safety
but rather a degradation of the model’s knowledge, damag-
ing its retrieval capabilities. This is further confirmed by the
low zero-shot performance (43.3%). Thus, our metrics suc-



Method ‘ ImageNet V2 R A Sketch ‘ CAL PETS FOOD FLWR C10 C100 ESAT CARS AIR DTD SUN UCF ‘ Mean
CLIP [51] ‘ 73.5 679 854 68.6 579 ‘ 88.7 93.4 93.1 79.3 952 713 60.6 76.6 326 520 652 688 ‘ 72.7
Safe-CLIP [49] 56.1 492 677 344 36.2 79.3 78.7 782 50.7 88.8 639 27.6 44.6 16.6  41.1 54.5 54.6 54.2
I-P (Unsafe loss) 482 418 602 333 35.7 73.4 74.9 57.9 31.9 658  33.1 19.0 323 57 319 465 438 433
I-P (Safe-CLIP loss) 60.4 544 712 494 39.6 85.8 81.9 79.1 46.5 833 521 37.0 472 119 422 570 556 56.3
UWM 62.3 565 798 572 48.9 86.6 82.2 85.8 52.3 911 695 453 54.4 113 388 60.5 594 61.3

Table 2. Zero-shot Classification Accuracy on 17 standard benchmarks. The base CLIP model represents the upper bound ( gray ).

Among safety mitigation methods, UWM achieves the highest accuracy, better preserving the model’s zero-shot capabilities.

cessfully decouple safety from retrieval performance, en-
abling a more precise evaluation. Moreover, they expose the
lower safety of G-Unsafe for safe queries (P%, PV). In con-
trast, G-Safe-CLIP improves safety across all four metrics
while preserving more knowledge, confirming the findings
of the retrieval-based metrics: the method improves safety.
The second intriguing case is Safe-CLIP. While outper-
forming all methods on unsafe queries (i.e., 19.0% on P¢,
34.1% on PY), it degrades safety on safe ones with a de-
crease of 23% for text inputs (P) and almost 6% on P
This shows the drawbacks of training-based methods.
UWM improves safety on unsafe inputs with +6.5% on
P!, and +12.9% on PY, and outperforms Safe-CLIP on safe
queries (e.g., +9.9% on PY?). These results confirm that
UWM achieves the best balance between safety improve-
ments and knowledge preservation.
SafeGround Metrics. We conclude by discussing the
performance according to the SafeGround metrics (last
columns of Tab. 1) that combine the preferences to ana-
lyze safety across modalities and input type. When ana-
lyzing the modalities (Txt, and Img), all methods struggle
more with text queries, as the image modality score (Img,)
is consistently lower than its textual counterpart (Txt). In-
terestingly, their gap tends to increase as models get safer:
CLIP shows a 1.7% difference, while G-Safe-CLIP, UWM,
and Safe-CLIP show increasing gaps of 2.7%, 8.3%, and
9.8%, respectively. This suggests that both training-free
and training-based methods produce safer outputs for im-
ages compared to texts. PS and PU (i.e., safety according
to safe/unsafe input type), show consistent patterns for both
baselines, with improvements for unsafe inputs (PU) while
lower performance on safe ones (PS). Moreover, this latter
case also applies to Safe-CLIP, with a decrease of 21.6%,
further confirming its unsafe performance on safe inputs. In
contrast, UWM improves safety across both safe and unsafe
inputs. Finally, all methods improve the group score GS.
Notably, these insights would have been more challeng-
ing to uncover with existing retrieval metrics, as they simul-
taneously capture retrieval and safety performance.

5.2.1. Knowledge Preservation

In this section, we evaluate the knowledge preservation of
each method across 17 classification tasks. We report the
results in Tab. 2, where CLIP serves as the upper bound, as
it is the base model to which each method is applied. The
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Figure 4. Qualitative results for 7,,-Vy+s and Vy,-Ty 4 s tasks.

results show that G-Unsafe consistently performs the worst
on all tasks. The second-lowest performing model on aver-
age, Safe-CLIP, reveals lower results than at least one com-
petitor on all tasks except FGVCAircraft (AIR). This further
confirms that the usability of Safe-CLIP is compromised af-
ter its fine-tuning alignment. G-Safe-CLIP is the second-
best performing method, with an average of 56.3%, demon-
strating good knowledge preservation. UWM exhibits the
best zero-shot performance, achieving the highest results
across all tasks except two, with an average of 61.3%.

5.3. Analysis & Discussion

In this section, we show qualitative results of UWM and
Safe-CLIP, we ablate UWM’s components, and we further
test the proposed method on different VLM architectures.
Finally, we apply UWM to LLaVA [33] for captioning.
Qualitatives. Fig. 4 shows qualitative comparisons of
CLIP, Safe-CLIP, and UWM. CLIP retrieves unsafe con-
tent for unsafe queries in both modalities (second and fourth
rows), while Safe-CLIP consistently retrieves safe exam-
ples, demonstrating improved safety. Similarly, UWM mit-
igates CLIP’s unsafe behavior by retrieving safe content.
However, for safe queries (first and second rows), Safe-
CLIP fails to retrieve safe content, confirming the signifi-
cant failure mode exposed in the previous sections. In con-
trast, UWM preserves CLIP’s performance on safe data,
demonstrating its robustness in this scenario. Additional
qualitative results are provided in Supp. Mat.

Scoring Function. In Tab. 3, we ablate the scoring func-
tion for computing ®. We compare three variants: (i) using
unsafe scores only ®""°, (ii) incorporating the aggregation
score from Eq. (10), and (iii) applying the adaptive selection



Quns
Hst

SafeGround Metrics (1)

Adapt | Zero-Shot (1) |

| Vs-Ts

| Txts Imgg PS PU  GS

6.4 4.7 67.5 1.7 12

39.8 |

24.3
16.2
320

18.3
37.7
19.1

14.0
22.6
10.8

60.9
61.0
67.8

59
15.7
55

4.6
13.0
45

SENEN

v
v v

Table 3. Ablation study of UWM across its components. In
gray is the original version of CLIP.
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Table 4. Safety performance across architectures and pretrain-
ing strategies. UWM reliably improves safety across models.

of Eq. (11). Relying solely on ®"*¢ degrades zero-shot per-
formance (-15.5), but already improves safety (+3.4 GS). In-
troducing the ratio ¢ /®* further enhances safety (+11.8
GS) but severely impacts zero-shot performance (-23.6),
making the model unsuitable for downstream tasks. The
best trade-off is achieved with adaptive selection, improving
safety (+4.5 GS) while minimizing zero-shot degradation (-
7.8). Additional ablations are provided in the Supp. Mat.
Adaptability to Architectures. UWM is flexible and can
be applied off-the-shelf to any contrastive-based VLM. Ac-
cordingly, we extend our evaluation to different CLIP back-
bones [51] and pretraining strategies, such as CoCa [71] and
SigLIP [74]. Additionally, we evaluate its performance on
Safe-CLIP [49]. We report the results in Tab. 4. UWM
demonstrates consistent safety improvements across vari-
ous CLIP backbones, enhancing safety on ViT-B16 (e.g.,
+4.2 Pt +12.9 PY and +12.7 Txt,), while preserving its
original behavior on safe queries (e.g., -1.6 P%). Simi-
lar improvements can be observed in ViT-B32 (e.g., +4.3
Py, +12.9 P} and +4.1 Txt,). Moreover, UWM improves
safety on models with different pre-training strategies, such
as CoCa [71] (e.g., +6.8 P}, +7.4 Txtg, and +0.9 GS) and
SigLIP [74] (e.g., +3.2 P!, +3.1 Img,, and +0.8 GS). Inter-
estingly, our method further enhances Safe-CLIP’s safety
(e.g.,+5.2 PY, +8 P, and +1.1 GS). These results highlight
the flexibility and effectiveness of UWM.

LLaVA. We apply UWM to the vision encoder of LLaVA-
1.5-13B [33]. Following existing works [49], we task
LLaVA to caption unsafe images from the ViSU test set
and report the percentage of Not Safe For Work (NSFW)
generated content (measured with LLaMA-3-8B [61]) and
toxicity score using the Perspective API [29]. Addition-
ally, we assess knowledge preservation using Rouge-L [32],
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‘ Unsafety (1) ‘ Knowledge Preservation (1)
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‘ 9oNSFW Toxicity ‘ RougeL Bleu Meteor

0.32
0.31

0.13
0.11

0.26
0.23
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31.7

16.8
219

134

0.32
0.32

0.13
0.12

0.26
0.24

+Safe-CLIP

+UWM B

8.0
9.0

10.0 ‘

Table 5. We apply UWM to LLaVA[33] and LLaVA+Safe-CLIP.

Bleu [46], and Meteor [3]. We report the results in Tab. 5.
UWM effectively improves safety, reducing NSFW content
by 9.8% and toxicity by 3.4, while preserving the origi-
nal model’s behavior (e.g., 0.01 drop in Rouge-L). More-
over, after replacing LLaVA’s vision encoder with Safe-
CLIP [49], we apply UWM to Safe-CLIP within this setup.
UWM further improves LLaVA safety by reducing NSFW
generated content by 4.5% and toxicity by 1%, while pre-
serving its knowledge (e.g., equal Rouge-L and 0.01 drop in
Bleu). These results further validates UWM’s applicability.

6. Conclusion

This work investigates the safety challenges of Vision-
Language Models (VLMs). We examine existing met-
rics [49] and find that they have limitations in assessing
safety, as they rely on retrieval-based evaluations. There-
fore, we complement them by introducing SafeGround, a
novel suite of metrics specifically designed for safety eval-
uation. SafeGround exposes a critical issue: training-based
safety alignment techniques, such as Safe-CLIP [49], can
compromise safe representations, leading to unsafe behav-
iors on safe queries. We propose UWM, a training-free
method that identifies and manipulates unsafe weights in
VLMs by analyzing how the information flow varies be-
tween safe and unsafe content. UWM achieves a bet-
ter trade-off between safety and knowledge preservation,
marking a promising first step toward training-free safety
techniques for VLMs. Finally, we hope SafeGround will
serve as a valuable resource for the community, enabling
researchers to uncover unsafe behaviors in VLMs.
Limitations. While UWM is applicable to various architec-
tures and VLMs (Tab. 4 and Tab. 5), it relies on weight lo-
calization and manipulation. The complexity of large-scale
VLMs challenges the isolation of unsafe weights without
affecting model capabilities, as individual parameters may
encode overlapping knowledge. As both UWM and Safe-
CLIP [49] exhibit limitations, VLM safety remains an open
challenge. Lastly, we focus mainly on contrastive-based
VLMs, leaving other architectures for future research.
Acknowledgments. This work was supported by the EU
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Sustainability” (No. 101120237), MUR PNRR project
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