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Abstract

We employ an inversion-based approach to examine CLIP models. Our examination
reveals that inverting CLIP models results in the generation of images that exhibit
semantic alignment with the specified target prompts. We leverage these inverted
images to gain insights into various aspects of CLIP models, such as their ability
to blend concepts and inclusion of gender biases. We notably observe instances
of NSFW (Not Safe For Work) images during model inversion. This phenomenon
occurs even for semantically innocuous prompts, like ‘a beautiful landscape,’ as
well as for prompts involving the names of celebrities.

Warning: This paper contains sexually explicit images and language, offensive visuals and terminol-
ogy, discussions on pornography, gender bias, and other potentially unsettling, distressing, and/or
offensive content for certain readers.

Figure 1: Inverted Images from CLIP. Prompts from left to right: “Floating castle held by balloons in
the sky," “Panda mad scientist mixing sparkling chemicals," “Johnny Depp," “An astronaut exploring
an alien planet, discovering a mysterious ancient artifact," “A mechanic in the busy auto repair shop,"
“A shiba inu wearing a beret and black turtleneck," “Enchanted forest with watching tree eyes," “A
bustling market in a bustling city, showcasing diverse cultures and exotic goods"

1 Introduction

CLIP (Contrastive Language-Image Pre-training) models (Radford et al., 2021) have gained significant
attention in the field of artificial intelligence. Serving as a link between textual and visual data, these
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Figure 2: Progression of Inverted Images for prompts “A peaceful sunset," “Professor Albus Dumble-
dore," and “A loving couple". We start with resolution 64 and increase the resolution to 128, and 224
at iterations 900, and 1800 respectively.

models have found application in numerous deep learning contexts (Nichol et al., 2021), (Rombach
et al., 2022), (Chegini & Feizi, 2023)). They not only demonstrate zero-shot performance comparable
to fully supervised classification models but also exhibit resilience to distribution shifts. A key factor
contributing to this resilience is their training on extensive web-scale datasets, which exposes them to
a diverse array of signals within the input data.

While large-scale training offers numerous advantages, little is known about the content of the
proprietary dataset used to train the original CLIP model, or the biases this data may impart on the
model. Despite prior exploration into the knowledge acquired by CLIP models (Ghiasi et al., 2022a),
(Goh et al., 2021), our work is the first attempt to analyze them through the lens of model inversion.

Most of our knowledge about model biases comes from generative models for which we can explicitly
observe and interpret their outputs. But how do we study the knowledge of a non-generative model
like CLIP? Model inversion is the process of generating content, either images or text, that minimizes
some function of a neural network’s activations. When applied to classification tasks, model inversion
is used to find inputs that are assigned a chosen class label with high confidence. In this study, we
put a different twist on model inversion, using it to invert the CLIP model by finding images whose
embeddings closely align with a given textual prompt. Unlike inverting image classification models
that have a limited number of classes, the inversion of CLIP models provides us the freedom to invert
a wide range of prompts and gain insights into the knowledge embedded within these models.

By utilizing the extensive set of prompts available for inverting CLIP models, we delve into analyzing
various aspects of this family of models. Our contributions are summarized as follows: I. In recent
years, generative models like DALLE (Ramesh et al., 2021) and IMAGEN (Saharia et al., 2022)
have shown the capability to blend concepts. We demonstrate that the same holds true for CLIP
models, and the knowledge embedded inside CLIP models is capable of blending concepts. II.
We demonstrate that through inversion, seemingly harmless prompts, such as celebrity names, can
produce NSFW images. This is particularly true for women celebrities, who the CLIP model seems
to strongly associated with sexual content. Certain identities, like “Dakota Johnson", are close to
many NSFW words in the embedding space. This may be problematic since the embeddings of
CLIP models are being used in many text-to-image generative models. Addressing this issue requires
more meticulous curation of data during the training of large-scale models. III. We demonstrate that
CLIP models display gender bias in their knowledge through inversions applied to prompts related
to professions, status, parental roles, and educational pursuits. IV. We investigate the scale of the
training data on the quality of the inversions, and we show that more training data leads to better
inversions. V. Finally, we examine the presence of textual components within the inverted images, a
phenomenon that occurs more pronouncedly when TV regularization is not used in the loss function.
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2 Related Work

2.1 Class Inversion

Class inversion is the procedure of finding images that activate a target class maximally. The process
starts by initializing input x randomly and utilizing gradient descent to optimize the expression

max
x

L(f(x); y) +R(x);

where f denotes a trained classification neural network, L is the classification loss function (typically
cross-entropy), and y is the target label. Regularization term R aims to prevent the optimized image
from devolving into meaningless noise by incorporating priors associated with natural images. Deep-
Dream (Mordvintsev et al., 2015) uses two regularization terms: R‘2(x) = kxk2

2 which penalizes
the magnitude of the optimized image, andRtv(x) which penalizes Total Variation forcing adjacent
pixels to have similar values. DeepInversion (Yin et al., 2020) uses an additional regularization term

Rfeat(x) =
∑

k

(
k�k(x)� �̂kk2 + k�2

k(x)� �̂2
kk2

)
where �k; �

2
k are the batch mean and variance statistics of the k-th convolutional layer, and �̂k; �̂

2
k are

the running mean and running variance of the k-th convolutional layer. TheRfeat is only applicable
to architectures using batch normalization (Ioffe & Szegedy, 2015), restricting its application for
other networks, such as ViTs (Dosovitskiy & Brox, 2016) and MLPs (Tolstikhin et al., 2021). In this
study, we explore the inversion of CLIP models. Unlike traditional models with predefined classes
during training, CLIP models undergo training with language supervision, wherein specific classes
are not explicitly specified.

2.2 CLIP Visualization

Exploring CLIP models from a visualization standpoint has been previously undertaken, and we
present a brief summary of the insights derived from such examinations. A study conducted by
(Ghiasi et al., 2022a) revealed that CLIP features exhibit activation based on semantic features
rather than visual characteristics. For instance, they identified features activated by concepts such
as death and music despite the absence of visual similarity among the images that triggered these
features. Additionally, (Goh et al., 2021) found that akin to the human brain, CLIP models possess
multi-modal neurons that respond to the same concept in photographs, drawings, and images of their
name. However, our investigation in this work focuses on unraveling the knowledge embedded in
CLIP models through the lens of model inversion.

2.3 Bias and NSFW content

Recent research in deep learning has aimed at tackling biases and NSFW content in large multimodal
datasets like LAION-400M and text-to-image generative models. Concerns raised by (?) highlight
explicit and problematic content in LAION-400M, with (Birhane et al., 2023) indicating a 12%
increase in hateful content with the growth of the LAION dataset. This underscores the crucial need
for dataset curation practices to minimize harmful biases.

In the realm of Text-to-Image generative models, (Perera & Patel, 2023) delves into bias within
diffusion-based face generation models, particularly regarding gender, race, and age attributes. Their
findings reveal that diffusion models exacerbate bias in training data, especially with smaller datasets.
Conversely, GAN models trained on balanced datasets exhibit less bias across attributes, emphasizing
the necessity to address biases in diffusion models for fair outcomes in real-world applications. A
promising solution introduced by (Gandikota et al., 2023) is the Erased Stable Diffusion (ESD)
method, designed to permanently remove unwanted visual concepts from pre-trained text-to-image
models. ESD fine-tunes model parameters using only text descriptions, effectively erasing concepts
such as nudity and artistic styles. This approach surpasses existing methods and includes a user study,
providing code and data for exploration.

Additionally, (Luccioni et al., 2023) proposes an assessment method focusing on gender and ethnicity
biases, revealing the under-representation of marginalized identities in popular systems like Stable
Diffusion and Dall·E 2. Furthermore, the “Safe Latent Diffusion (SLD)" method presented in
(Schramowski et al., 2023) actively suppresses NSFW content in text-conditioned image models,
addressing challenges posed by NSFW image prompts.
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3 Method
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Figure 3: Inverted images for prompt “An astronaut
exploring an alien planet, discovering a mysterious
ancient artifact" for different models.

A CLIP model consists of two key networks.
The �rst is the visual encoder network, denoted
as V , responsible for creating image embed-
dings. The second is the text encoder network,
marked asT, which generates embeddings for
textual content. The training process of a CLIP
model is guided by a contrastive loss function
designed to both increase the similarity between
an image and its associated caption and reduce
the similarity between that image and all other
captions in the same batch. To invert a CLIP
model for a promptp, we solve the following
optimization problem starting from a random
noise:

max
x

cos(V (A(x)) ; T(p)) + Reg(x)

whichcos(:) is the cosine similarity,A is a ran-
dom augmentation chosen at each iteration step,
andReg are regularization terms used.

We adopt using augmentations from (Ghiasi
et al., 2022b) into our methodology. These aug-
mentations are employed to invert classi�cation
models and serve as image priors. Speci�cally,
if an image is classi�ed as a bird, its augmen-
tation is also expected to be classi�ed as a bird.
Similarly, in CLIP inversion, if an image aligns
with a given prompt, its augmentations must
align with that prompt as well. The main aug-
mentation used in (Ghiasi et al., 2022b) is Col-
orShift; however, we incorporate random af�ne
and color jitter as augmentations in our experi-
ments. Using random af�ne transformation in-
stead of ColorShift has a signi�cant impact on the quality of the inverted images, as showcased in
Figure 15. More Details can be found in Section 6.

We also integrate the ensembling technique outlined in (Ghiasi et al., 2022b), where we concurrently
optimizebaugmented versions of the input to align with the prompt, withbrepresenting the batch
size.

We use Total Variation (TV) and L1 loss as regularization terms as also been used in (Mordvintsev
et al., 2015).

Reg(x)) = �TV (x) + � jjxjj1:

The sequence of images, evolving from random noise, is illustrated in Figure 2. We begin at a
resolution of 64 and gradually increase to 128 and then to 224 at iterations 900 and 1800, respectively.
The optimization process encompasses a total of 3400 steps.

4 Analysis

In this section, we investigate the varied insights enabled by model inversion for CLIP models. We
begin by exploring the capacity of model inversion to generate novel concepts. Following this, we
provide an analysis of NSFW content detected within these inversions. Next, we probe gender biases
present in CLIP models and also their limitations in making accurate associations. Lastly, we explore
the impact of the scale of training data.

4.1 Blending concepts
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