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Abstract

The emergence of vision-language foundation models, such as CLIP and

DALL·E, has significantly advanced the use of natural language for im-

age generation and manipulation. These models learn broad alignments

between visual and textual representations, enabling flexible and general-

purpose multimodal capabilities. However, using language as an efficient

and robust interface for image generation remains challenging, with limi-

tations in controllability, semantic expressiveness, and visual fidelity.

This thesis focuses on several fundamental challenges in employing lan-

guage as a control interface for image generation with foundation models.

Specifically, it investigates (1) enhancing the controllability and precision

of language-guided generation, (2) leveraging foundation models to explore

and utilize generative latent spaces, and (3) developing a spectral perspec-

tive on CLIP embeddings to better analyze and improve generation quality.

To address these aspects, we introduce three complementary approaches:

• Predict, Prevent, and Evaluate (PPE) enhances the controllability and

precision of language-guided image manipulation by modeling and reg-

ularizing attribute interactions with natural language.

• StylerDALLE explores the latent space of generative models, formulat-

ing style transfer as latent translations, supervised through CLIP-based

reinforcement learning to jointly preserve style and content in gener-

ation.



• SpectralCLIP analyzes the frequency spectrum of CLIP embeddings to

suppress common artifacts in CLIP-guided generation, improving out-

put robustness without compromising semantic alignment.

Together, these contributions highlight the potential of natural language

as a flexible and high-level interface for visual generation, grounded in the

capabilities of vision-language foundation models. This thesis demonstrates

how language, when appropriately modeled and guided, can effectively con-

trol diverse aspects of the generative process.

Keywords

Language-Guided Image Generation, Vision-Language Foundation Models,

Image Manipulation, Image Style Transfer, Text-to-Image.
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Chapter 1

Introduction

1.1 Motivation and Challenges

Natural language has long been recognized as one of the most expressive

and accessible tools for human communication, enabling abstract, composi-

tional, and efficient expression across diverse contexts [165, 27, 26, 66, 43].

In the context of image generation, it serves as a uniquely powerful in-

terface: users can describe desired content, modifications, or styles us-

ing free-form text, without requiring visual references or technical editing

skills [131, 112, 137, 139, 130, 117, 179, 34, 35, 14, 168, 169, 123, 59, 51,

12, 144, 79, 8, 94, 6, 18, 62, 69, 74, 75, 82, 83, 88, 124, 127, 133, 145, 170,

80]. This paradigm—controlling image generation through language—has

gained substantial momentum with the development of large-scale vision-

language foundation models such as CLIP [129] and DALL·E [131], which

have significantly expanded the capabilities of language-driven visual sys-

tems.

Trained on large-scale image-text datasets, vision-language foundation

models such as CLIP and DALL·E exhibit strong alignment between vi-

sual and linguistic semantics [181, 91, 106, 146, 148, 68, 4, 87, 86, 98,

118, 85, 156, 178, 149, 40, 157, 160, 29, 39, 22, 5, 161, 2]. CLIP learns

a joint embedding space for images and text, while DALL·E and its vari-
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1.1. MOTIVATION AND CHALLENGES CHAPTER 1. INTRODUCTION

ants generate images directly from language prompts using autoregres-

sive or diffusion-based decoding. These models offer broad generaliza-

tion and multimodal grounding, forming a solid foundation for building

language-driven image generation systems. However, when repurposed as

control interfaces, they also introduce subtle technical and semantic chal-

lenges [123, 79, 180, 182, 53, 144, 45, 64, 159, 184, 174, 37].

First, language-guided image editing often leads to entangled changes in

visual attributes [123, 168, 169]. For example, modifying an image to depict

“gray hair” may unintentionally affect other age-related features, such as

wrinkles or skin tone. This reflects a broader challenge: semantic attributes

in natural images often co-occur, making it difficult to isolate the effect of a

single instruction. Traditional disentanglement methods rely on manually

annotated attributes or predefined editing directions, which lack flexibility

and scalability [142, 1, 65, 143, 154, 155]. While recent approaches have

begun to incorporate natural language via models like CLIP, they still

struggle to disentangle complex semantic correlations without extensive

supervision or trial-and-error. This raises the need for mechanisms that

can anticipate and minimize such entanglements when using language as

the primary interface for control.

Second, language-guided style transfer faces significant challenges in

capturing abstract or high-level artistic aesthetics—such as “painted in

Fauvist style” or “inspired by Van Gogh” [79, 46]. Traditional style trans-

fer methods typically rely on reference images to extract low-level features

like texture and color, which are insufficient for conveying more conceptual

or compositional aspects of artistic styles [52, 63, 152, 163, 176, 120, 101,

31, 162]. While set-based methods attempt to learn styles from collections

of artworks, they require extensive data collection and are limited to pre-

defined style categories [140, 78, 16]. Although recent generative models

and vision-language models offer new opportunities for using language as

4
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a style descriptor, effectively translating free-form textual style prompts

into faithful visual outputs remains difficult. Achieving stylization that

faithfully reflects abstract textual prompts—while preserving content and

avoiding visual artifacts—remains an open challenge for current vision-

language generative models.

Third, optimizing images based on CLIP similarity often introduces

visual artifacts—such as repeated patterns, hallucinated objects, or unin-

tended textual elements [79, 107, 28]. These issues are particularly evident

in text-guided style transfer, where models may inadvertently render words

from the prompt or generate over-specific visual symbols. Such artifacts

arise from the entangled nature of visual and textual concepts in the CLIP

embedding space, which lacks explicit disentanglement between semantic

content and written language [54, 81, 107]. While the origins of these ar-

tifacts remain underexplored, some of these repeated artifacts appear to

correlate with specific frequency components in CLIP encodings, motivat-

ing the exploration of spectral perspectives as a potential means to analyze

and mitigate such effects during generation.

Together, these challenges highlight the gap between the general capa-

bilities of vision-language foundation models and the demands of precise,

abstract, and robust control in image generation—underscoring the need

for dedicated methods that treat language as a genuine interface for con-

trollable synthesis.

1.2 Contributions and Overview

This thesis investigates the use of natural language as a high-level interface

for controlling image generation, with a focus on enhancing controllability,

semantic precision, and visual robustness. While vision-language founda-

tion models have unlocked new possibilities for multimodal synthesis, em-

5
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ploying language as a precise and interpretable control mechanism remains

challenging. We address these limitations through three complementary

contributions:

• Disentangled Image Manipulation with Predictive Language

Guidance. We propose Predict, Prevent, and Evaluate (PPE) [171],

a framework for language-guided image manipulation that antici-

pates and regularizes attribute entanglement. By modeling the co-

occurrence patterns of natural-language instructions and visual at-

tributes using CLIP, PPE improves edit specificity while minimizing

undesired changes.

• Language-Guided Image Style Transfer in Generative Latent

Space. We introduce StylerDALLE [172], a token-based style trans-

fer approach that operates in the discrete latent space of a pretrained

generative model. By combining a non-autoregressive translator with

CLIP-guided reinforcement learning, the model effectively applies ab-

stract, text-defined styles while preserving content.

• Spectral Filtering for CLIP-Guided Image Generation. We

develop SpectralCLIP [173], a method to reduce visual and tex-

tual artifacts in CLIP-guided generation by identifying and filtering

frequency-specific components in CLIP embeddings. This approach

enhances generation quality without sacrificing semantic alignment.

Each of these contributions addresses a key limitation in current

language-driven generative methods, and collectively they demonstrate

how natural language can serve as a powerful, flexible interface for visual

synthesis.

The remainder of this thesis is structured as follows. Chapter 2 (Dis-

entangled Image Manipulation with Predictive Language Guidance) intro-

6
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duces our framework for disentangled language-guided editing. Chap-

ter 3 (Language-Guided Image Style Transfer in Generative Latent Space)

presents a token-based approach for abstract style transfer using language

supervision. Chapter 4 (Spectral Filtering for CLIP-Guided Image Gener-

ation) discusses artifact suppression through frequency-based filtering of

CLIP embeddings. Finally, Chapter 5 provides an integrative discussion

and outlines potential future directions.
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Chapter 2

Disentangled Image Manipulation

with Predictive Language Guidance1

2.1 Problem Statement

Disentangled image manipulation [102, 142, 1, 90, 47, 49, 65, 143, 154, 155]

aiming at changing the desired attributes of the image while keeping the

others unchanged, has long been studied for its research significance and

application value. Reaching this target is not easy, especially when at-

tributes naturally entangle in the real world. Therefore, concrete attribute

annotations are of vital importance, making disentangled image manipu-

lation a labor-consuming task.

Several works [102, 90, 47, 49] use an encoder-decoder architecture and

need manual annotations on multiple attributes of images. The models

encode the original image and the manipulating attribute, then decode

the manipulated image. Specifically, they use an attribute-specific loss

to encourage the manipulation of a specific attribute while discouraging

the others. The loss comes from pre-trained classifiers for all annotated

attributes. Many recent works focus on latent space image manipulation

1This chapter is based on our published work: Xu et al., ”Predict, Prevent, and Evaluate: Disentangled
Text-Driven Image Manipulation Empowered by Pre-Trained Vision-Language Model”, CVPR 2022.
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Figure 2.1: Comparisons on disentangled image manipulation between the StyleCLIP [123]
baseline and our Predict, Prevent, and Evaluate (PPE). Ours manages to manipulate only
the command-attribute (as indicated under each column) while remaining unchanged to
the others.

since large-scale pre-trained GANs, e.g., StyleGANs [71, 72], can gener-

ate high-quality images from well-disentangled latent spaces. Despite the

convenience of directly using the pre-trained GANs to generate images, all

these methods need human annotations [142, 1, 65, 143, 154, 155]. More-

over, the available manipulating attributes are limited to the annotated

set.

Recently, the rise of the large-scale pre-trained vision-language model

CLIP [129] has brought a new insight. Since CLIP provides effective

signals about the semantic similarity of image and text, various manip-

ulations [123, 51, 136] can be performed with a text command and a

CLIP-based loss, instead of exhaustive human annotations. Nevertheless,

achieving disentangled image manipulation is still tricky. For instance,

StyleCLIP [123] introduces three methods: latent optimization and latent

mapper take no consideration of achieving disentangled results; global di-

rection, which is based on the more disentangled S latent space [167],

needs human trials-and-errors to find appropriate parameters in each case

to reach the expected effects. To only manipulate a desired attribute, Te-

diGAN [168, 169] merely revise the latent vectors of layers corresponding

10
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to that attribute. Yet, they have to figure out in advance the relations

between attributes and layers in StyleGAN.

In this work, we explore achieving disentangled image manipulation

with as less human labor as possible. We propose a novel framework, i.e.,

Predict, Prevent, and Evaluate (PPE), to approach the target by lever-

aging the power of CLIP in depth. Firstly, we propose to Predict the

possibly entangled attributes for given text commands. We assume that

the entanglements result from the distributions of attributes in the real

world. Therefore, we draw support from CLIP to find the attributes that

appear most frequently in the command-related images, then regard the

attributes of high co-occurrence frequency as the possibly entangled at-

tributes. Secondly, we introduce a novel entanglement loss to Prevent

entanglements during training. The loss punishes the changes of the possi-

bly entangled attributes before and after the manipulation, so as to enforce

the model to find a less disentangled manipulating direction. Lastly, based

on the predicted entangled attributes, we introduce a new evaluation met-

ric to simultaneously Evaluate the manipulation effect and the entangle-

ment condition. The manipulation effect is measured based on the change

of command-attribute while the entanglement condition is based on the

change of the entangled attributes, before and after manipulation. All the

changes are estimated according to the CLIP distance between the texts

of attributes and the images.

To evaluate, we implement our method based on the simple and versatile

latent mapper from StyleCLIP and conduct experiments on the challenging

face editing task, using the large-scale human face dataset CelebA-HQ [105,

70]. Qualitative and quantitative results indicate that we achieve superior

disentangled performance compared to the StyleCLIP baseline. Meanwhile,

we show that our results present a better linear consistency.

To conclude, our main contributions are as follows:

11
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• We propose to predict entangled attributes for disentangled image ma-

nipulation.

• We propose a novel entanglement loss to prevent entangled manipula-

tions during training.

• We propose a new evaluation metric that jointly measures the manip-

ulation effect and the entanglement condition for disentangled image

manipulation.

• By applying our method to the versatile StyleCLIP baseline, we manage

to achieve disentangled image manipulation with very little manual labor.

We conduct extensive experiments on the CelebA-HQ dataset and find

that our qualitative and quantitative results are rather impressive.

2.2 Related Work

Disentangled Image Manipulation. Many works study learning a disentan-

gled representation [19, 76, 21, 48, 90], so that disentangled image ma-

nipulation can be solved from the source. Due to the costly labor, a key

challenge of such works is reducing the supervision for learning the desired

disentanglement. Therefore, weakly-supervised and unsupervised methods

have been explored [113, 49, 47, 103]. Despite progress, all these methods

are trained for a fixed set of attributes, thus supporting limited numbers

of manipulations.

Recently, growing numbers of works focus on latent space image manip-

ulation [65, 142, 67, 150, 175, 167] because of the remarkable large scale

GANs like StyleGAN [71, 72], which can generate high-resolution images

with well disentangled latent space. Thereby, these works firstly invert the

image into the latent space through the GAN inversion method [72, 185] or

12
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an involved encoder [135, 114, 3], then accordingly compute the latent vec-

tor that can derive the manipulation result through the pre-trained large

scale GANs. For each manipulating attribute, manual annotations are re-

quired, e.g., on images [142, 1] and on unsupervisedly discovered directions

in the latent space [65, 143, 154, 155].

Text-Driven Image Manipulation. There are studies that explore image

manipulation with text commands as a guide. Some previous works [36,

110, 83, 84] use GAN-based encoder-decoder architectures, which encode

the original image and text command, disentangle the semantics of the two

modalities and decode the manipulated image. Instead of training a gen-

erator individually, the recent TediGAN [168, 169] and StyleCLIP [123]

use pre-trained StyleGAN to generate images from manipulated latent

vectors. To reach disentangled manipulation, TediGAN pre-defines an

attribute-to-layer map and only changes the attribute-corresponding lay-

ers in StyleGAN. Besides, TediGAN conducts instance-level manipulation,

which means the model is only applicable to one image that the model

was optimized for. The latent mapper method in StyleCLIP is more gen-

eral as the trained model can be applied to manipulate any in-domain

image, but the results are usually entangled. The global direction method

in StyleCLIP can realize a disentangled manipulation, but it requires man-

ual trials-and-errors to find appropriate thresholds in the method. Our

method proposes to achieve disentangled image manipulations with less

manual effort by deeply leveraging the power from large scale pre-trained

models. More than StyleCLIP, which merely minimizes the CLIP distances

between command texts and manipulated images, we propose to predict,

prevent, and evaluate entanglements via CLIP.

13
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Large Scale Vision-Language Models. Following the success of large scale

pre-trained language models, e.g., BERT [33], various large scale pre-

trained vision-language models [181, 91, 106, 146, 148] are proposed. The

recent CLIP [129] is especially remarkable because it is trained from 400

million text-image pairs and is powerful. CLIP learns a multi-modal em-

bedding space, which can be used to measure the semantic similarity of

image and text. Using text descriptions as prompts enables CLIP the

strong ability of zero-shot transfer to downstream tasks. Besides, stunning

text-guided image synthesis results [131, 44, 51, 136] are enabled by CLIP

through utilizing the embedding space.

2.3 Background

StyleCLIP [123] proposes a flexible latent mapper method for text-driven

image manipulation. It is trained for a specific text command and is ap-

plicable for any image in the domain of the pre-trained StyleGAN [72].

For the text command tcomd, the method learns a mapper network Mtcomd

to yield a manipulation direction in the W+ space given the latent im-

age embedding w∈W+. Then the manipulated image is obtained from a

pre-trained StyleGAN generator G as i
′
=G(w+Mtcomd

(w)).

To train the mapper network for the purpose of achieving the text-

driven manipulating effect, a CLIP loss LC is introduced to minimize the

distance between the text command tcomd and manipulated image i
′
. LC

is formalized as:

LC = DCLIP (i
′
, tcomd), (2.1)

where DCLIP is the cosine distance between the embeddings of its two

arguments in CLIP space. In addition, the method uses L2 loss to norm

the manipulation direction and LID loss [135] to maintain the identity of
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person. Hence, the overall loss is formulated as:

LStyleCLIP = LC + λL2LL2
+ λIDLID, (2.2)

where λL2 and λID are the loss coefficients. Although the method can sim-

ply and efficiently achieve text-driven image manipulation without human

annotations, its loss cannot distinguish between entangled and disentan-

gled manipulations, and the manipulated results are always entangled.

2.4 Method

The proposed Predict, Prevent, and Evaluate (PPE) framework consists of

three parts: 1) we design a mechanism to Predict the entangled attributes

for given text commands; 2) based on the predicted attributes, we introduce

a novel entanglement loss to Prevent entanglements during training, and

3) we propose a new evaluation metric to Evaluate disentangled text-

driven image manipulation. All methods leverage the power from the large-

scale pre-trained vision-language model CLIP.

2.4.1 Predict

We predict the entangled attributes under the assumption that entangle-

ments result from the frequent co-occurrence of attributes in real-world

images. To this end, we aggregate the images most relevant to the text

command, look for the attributes that appear most frequently in the images

and predict them as the entangled attributes.

Prerequisite. A predefined attribute set that includes basic visual char-

acteristics is the prerequisite. For manipulating human faces, we need

human face attributes. To obtain useful human face attributes, we firstly

draw support from the large-scale pre-trained language model BERT [33].
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others earrings/makeup/lipstick/wrinkles/glasses/bangs/rosy cheeks/...

beard style goatee/mustache/no beard/sideburns/5 o'clock shadow

face shape pointy/round/square/oval/long face

mouth status open/close mouth

mouth shape big/small mouth

nose big/pointy/long/small/hooked/short/thick/thin/pinched/flat nose

eye status open/close eyes

eyes shape narrow/wide/big/small/round eyes

eyes color blue/brown/black/grey/green eyes

eyebows arched/round/high/long/thick/dark/straight/thin/short eyebows

hair style straight/curly/wavy hair

hair length long/short/no hair

hair color black/brown/blond/grey/red hair

skin white/black/yellow skin

gender male/female

human face

Figure 2.2: To predict entangled attributes in face editing, we construct a hierarchical
attribute structure with the help of BERT [33].

In concrete, we let BERT predict specific attributes under different cate-

gories with designed prompts like “a face with [MASK] eyes”. By substi-

tuting “eyes” with other keywords of face characteristics, we derive various

face attributes in a category-to-attribute fashion.

After further sorting and adding binary attributes like “with earrings”,

we construct a hierarchical attribute structure (see Fig. 2.2) that serves

for the subsequent procedures in Predict. In Table 2.1, we give a com-

plete version of the hierarchical attribute structure for human face. The

construction steps are as follows:

• Firstly, based on common sense, we establish the category-items, e.g.,

gender and hair.

16



CHAPTER 2. PPE 2.4. METHOD

• Secondly, we use the large-scale pre-trained language model BERT [33]

to mine useful human face attributes under each category. We design a

series of prompts to let the pre-trained BERT predict specific attributes

for every category, using an open-source tool, i.e., LAMA [134]. We find

prompts like “a face/person with a/an [MASK] [X]”, “the person’s [X]

is/are [MASK]” and “a [MASK] [X]” are helpful, where [MASK] is the

word that BERT has to predict and [X] is the concrete category (e.g.,

hair, nose, mouth and etc.) in practice.

• Furthermore, among the many predicted attributes, we select the repre-

sentative ones and sort them into more fine-grained categories, such as

hair color and hair length.

• Lastly, we include some binary attributes, especially drawing on the pre-

viously proposed human face attributes in the CelebA dataset [105].

Aggregate. This step aims to aggregate the images that are most relevant

to the text command. Specifically, we propose a method based on CLIP.

At first, we rank all the images in the training set w.r.t. their distance to

the text command tcomd in the CLIP space. For an image i∈ I, its ranking

score is formalized as:

score(i) = DCLIP (i, tcomd). (2.3)

Images are ranked by their scores from small to large.

Besides, we use a zero-shot CLIP classifier to exclude the images that are

classified as irrelevant in the ranked list. For single attribute manipulation,

the classification labels can be obtained via a command-to-category and

category-to-attributes pipeline. Take command “blue eyes” as an example,

we firstly find its category <eyes color> with the help of an NLP tool, then

the labels {“blue eyes”, “brown eyes”, . . . } can be easily obtained via a

17



2.4. METHOD CHAPTER 2. PPE

Category Attributes
gender male, female
hair color black hair, blond hair, brown hair, grey hair, red hair
hair length long hair, short hair, no hair
hair style curly hair, straight hair, bald, wavy hair, receding

hairline
eye color blue eyes, brown eyes, black eyes, grey eyes, green eyes
eye status open eyes, closed eyes
eye shape narrow eyes, wide eyes, big eyes, small eyes, round

eyes
nose shape big nose, long nose,pointed nose, small nose, hooked

nose, short nose, thick nose, thin nose, pinched nose,
flat nose

face shape pointy face, round face, square face, oval face, long
face

skin color white skin, black skin, yellow skin
mouth status open mouth, closed mouth
mouth size big mouth, small mouth
eyebrows round eyebrows, high eyebrows, arched eyebrows, long

eyebrows, thick eyebrows, dark eyebrows, straight eye-
brows, thin eyebrows, short eyebrows

beard goatee, mustache, no beard, sideburns, 5 o’clock
shadow

earrings with/without earrings
makeup with/without makeup
smile with/without smile
lipstick with/without lipstick
wrinkles with/without wrinkles
glasses with/without glasses
bangs with/without bangs
rosy cheeks with/without rosy cheeks
bags under eyes with/without bags under eyes
high cheekbones with/without high cheekbones

Table 2.1: The complete hierarchical human face attributes.

category-to-attribute map according to the hierarchical attribute structure.

Particularly, binary attributes like “with earrings” will trigger binary labels

as {“with earrings”, “without earrings”}. Afterwards, we select up to top-

100 images in the left ranked list to form the command-relevant image-set
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I
′
.

Find. The last step is to find the attributes that appear most frequently

in the command-relevant image set I
′
, except for attributes in the same

category as commands. First, we rank the attributes by the sum of their

CLIP distances to the images in I
′
. The ranking score is formalized as:

scorecomd(tattr) =
∑
i′∈I ′

DCLIP (i
′
, tattr). (2.4)

Meanwhile, we consider the ranking results w.r.t. the full image set I.

Similarly, the ranking score is:

scorefull(tattr) =
∑
i∈I

DCLIP (i, tattr). (2.5)

By sorting the scores in descending order, we get rcomd and rfull. In

addition, we need to find attributes that only appear frequently in the

command-relevant images. For instance, “square face” is common for all

images and thus ranks high in rfull, thus it may not be the entangled one

even if it ranks high in rcomd. To this end, we adjust the rcomd with rfull.

In concrete, the final ranking score is:

scorefinal(tattr) =
rcomd(tattr)

min(rfull(tattr), R)
, (2.6)

where R is a hyper-parameter to determine if the rankings in rfull are high

or not. Eventually, top-N attributes in the final ranked list (obtained by

sorting the scorefinal from small to large) are predicted as the entangled

attributes {tentgn}Nn=1.

Analysis. In Fig. 2.3, we illustrate some of the predictions and the cor-

responding manipulation results from the latent mapper of StyleCLIP. As
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grey hair: 'short eyebrows', 'short hair', 
'grey eyes', 'narrow eyes', 'white skin', 
'pointy face', 'with makeup'

blue eyes: 'wide eyes', 'with makeup', 
'bags under eyes', 'with lipstick', 'blond 
hair', 'white skin', 'pinched nose'

Origin
al

StyleCLIP

with earrings: 'arched eyebrows', 'short 
hair', 'with makeup', 'high cheekbones', 
'round face', 'round eyes', 'long nose'

wrinkles: 'grey hair', 'receding hairline', 
'no beard', 'high eyebrows', 'male', 
'narrow eyes', 'closed eyes'

Original StyleCLIP

Original StyleCLIP Original StyleCLIP

Figure 2.3: Illustration of the predicted entangled attributes for various commands in
text-driven image manipulation.

can be seen, our method predicts the entangled attributes well, e.g., “wide

eyes” and “with makeup” for blue eyes, “grey eyes” and “white skin” for

grey hair, “short hair” and “with makeup” for with earrings, and “grey

hair” and “closed eyes” for with wrinkles.

2.4.2 Prevent

For a disentangled manipulation, the command-corresponding attribute

should change while other attributes should be maintained, especially for

the possibly entangled ones. Therefore, based on the predicted entangled

attributes {tentgn}Nn=1, we introduce a novel entanglement loss that punishes

the changes of entangled attributes after the manipulation. The changes

are measured by the CLIP distances between images and texts of entangled
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𝑛!

𝑛"#
Entanglement loss

(a)

𝑛!"
𝑛#

(b)

Figure 2.4: Illustration of (a) the effect of the entanglement loss and (b) the expected
result provided by the entanglement loss.

attributes, thus the proposed entanglement loss is formulated as:

LE =
1

N

∑
n

(DCLIP (i, tentgn)−DCLIP (i
′
, tentgn))

2, (2.7)

where i=G(w) is the original image and i
′
is the manipulated image as

introduced in Sec. 2.3.

Together with the losses described in Eq. (2.2), our overall loss is defined

as below:

LPPE = LC + λL2LL2
+ λIDLID + λELE, (2.8)

where λE is the coefficient for the entanglement loss.

We give an illustration in Fig. 2.4, where we assume there is a hyper-

plane in the latent space that separates having the attribute or not2, ngt is

the unit normal vector of the hyperplane corresponding to the command

attribute, nS is the vector found by StyleCLIP method and nP is from

PPE. As shown, the proposed entanglement loss is to constrain the model

to find less entangled manipulating directions.

2The assumption draws from InterFaceGAN [142].
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2.4.3 Evaluate

For disentangled text-driven image manipulation, we propose a new eval-

uation metric, i.e., an indicator that evaluates the manipulation and the

entanglement effects simultaneously, based on the predicted entangled at-

tributes.

Firstly, for each text command, we quantify the manipulation effect as:

△dc = DCLIP (i, tcomd)−DCLIP (i
′
, tcomd), (2.9)

i.e., the change of command attribute in images measured by CLIP. The

larger the △dc is, the closer the manipulated image to the text command is

in CLIP space, indicating the manipulation reaches the command-required

effect.

Meanwhile, for each predicted entangled attribute, we measure the en-

tanglement effect by:

△den = DCLIP (i, tentgn)−DCLIP (i
′
, tentgn), (2.10)

i.e., the change of entangles attribute in images estimated by CLIP. The

larger the △den is, the closer the manipulated image to the text of the

entangled attribute is in CLIP space, indicating the manipulated image is

entangled with the command-relevant attribute.

To reach disentangled manipulations, we expect △dc to be as large as

possible while {|△den|} to be as small as possible. Thereby, we formalize

the indicator as:

indicator =
1
N

∑N
n=1 |norm(△den)|
norm(△dc)

, (2.11)

where N is the number of the predicted entangled attributes and norm(·)
is to make △dc and {△den} comparable. In concrete, they are normalized
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individually as:

norm(△dt)=
△dt

max
i∈I

DCLIP (i, t)−min
i∈I

DCLIP (i, t)
, (2.12)

where t is in {tcomd, tentg1, . . . , tentgN} and I is image set.

As described in Eq. (2.11), assuming △dc is greater than 0 (as it should

be), a high indicator, e.g., 0.5, indicates an entangled manipulation, be-

cause when its △dc increases, its {△den} grows correspondingly and sig-

nificantly. By contrast, a lower indicator indicates a better disentangled

manipulation, since its {|△den|}’s changes are not as significant as its△dc’s.

Using the indicator, the effect of disentangled image manipulation can be

quantified.

2.5 Experiments

2.5.1 Implementation Details

To verify the proposed method, we conduct experiments on the challenging

face editing task. We compare our method with our strong baseline, i.e.,

the latent mapper in StyleCLIP [123]. Following StyleCLIP, we use the

CelebA-HQ dataset [105, 70], which consists of 30,000 images, 27,176 for

train-set and 2,824 for test-set; StyleGAN2 [72] pre-trained on FFHQ [71]

is used to generate images; e4e [151] is used to invert images into latent

embeddings in the latent space of StyleGAN2. Moreover, we train all

models following the original settings as the official StyleCLIP implemen-

tation [122]. In other words, for all text commands, we train the corre-

sponding models without tuning the hyper-parameters. We use the same

loss-coefficients setting, which is λL2=0.8 and λID =0.1. For the proposed

entanglement loss, λE =100. The number of predicted entangle attributes

N in the entanglement loss (Eq. (2.7)) is set to 10 by default. R in Eq. (2.6)
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black hair wavy hair with bangs with wrinkles with glasses pale double chin lipstick arched eyebrows

Figure 2.5: Qualitative comparison with StyleCLIP [123] using different text commands
(indicated on the top). Ours achieves more disentangled manipulation results as only the
desired attribute is manipulated while others are maintained well.

is set to 40, empirically.

2.5.2 Quantitative Results

We conduct multiple experiments using different text commands, which

especially include the ones that are regarded as entangled in previous

works [90, 167]. In Table 4.2, we illustrate the quantitative results us-

ing the evaluation metric introduced in Sec. 2.4.3. In concrete, indicator

is the overall metric for disentangled image manipulation. Lower indicator

means target manipulation is achieved with fewer entanglements, and vice

versa. In addition, △d
′

c is the normalized △dc, and △d
′

e is the normalized

△de, as in Eq. (2.9), Eq. (2.10) and Eq. (2.12).

According to the results, we draw the following two conclusions: 1) The

latent mapper method in StyleCLIP is highly entangled, and our method

predicts the entangled attributes well. As can be seen in the results of

“StyleCLIP”, the manipulated images are closer to text commands while

they are also closer to the text of entangled attributes. For example, for

text command “grey hair” (Table 2.2a), when △d
′

c reaches 0.4878, △d
′

e

changes at a comparable scale as “grey eyes” is 0.2433 and “white skin”

is 0.2641. More significantly, for text command “blue eyes” (Table 2.2k),
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StyleCLIP Ours

indicator(↓) 0.3359 0.0071

△d
′
c 0.4878 0.3519

△d
′
e

short eyebrows 0.1637 0.0261
short hair 0.1945 0.0445
with bangs 0.0927 0.0122
grey eyes 0.2433 0.0590
sideburns 0.1548 0.0195
narrow eyes 0.1393 0.0126
high cheekbones 0.0873 -0.0022
white skin 0.2641 0.0644
pointy face 0.1362 0.0161
with makeup 0.1626 0.0149

(a) grey hair

StyleCLIP Ours

indicator(↓) 0.5553 0.1411

△d
′
c 0.3628 0.1898

△d
′
e

short eyebrows 0.2362 0.0433
with bangs 0.1583 0.0270
short hair 0.1927 0.0245
black eyes 0.2555 0.0458
narrow eyes 0.2005 0.0228
high cheekbones 0.2002 -0.0253
with lipstick 0.1683 -0.0237
pointy face 0.2078 0.0232
sideburns 0.1694 0.0103
with makeup 0.1708 0.0219

(b) black hair

StyleCLIP Ours

indicator(↓) 0.4022 0.1691

△d
′
c 0.2877 0.1442

△d
′
e

blue eyes 0.1249 0.0235
long hair 0.1591 0.0453
brown hair 0.1349 0.0305
with makeup 0.1274 0.0249
wide eyes 0.1186 0.0246
with earrings 0.0940 0.0165
with bangs 0.0815 -0.0105
pinched nose 0.1027 0.0173
with lipstick 0.1136 0.0278
closed mouth 0.1004 0.0185

(c) wavy hair

StyleCLIP Ours

indicator(↓) 0.3870 0.1266

△d
′
c 0.3451 0.2384

△d
′
e

short hair 0.1568 0.0525
with lipstick 0.1249 0.0318
smiling 0.1030 0.0155
round eyes 0.1418 0.0242
with makeup 0.1368 0.0221
brown hair 0.1927 0.0552
brown eyes 0.1316 -0.0239
with glasses 0.0640 0.0157
thin nose 0.1441 0.0219
with earrings 0.1399 0.0391

(d) with bangs

StyleCLIP Ours

indicator(↓) 0.3269 0.1298

△d
′
c 0.3679 0.1341

△d
′
e

grey hair 0.2560 0.0336
receding hairline 0.0417 0.0035
no beard 0.0858 0.0119
long eyebrows 0.1132 0.0316
long face 0.1351 0.0372
male 0.1008 0.0035
narrow eyes 0.1096 -0.0065
big nose 0.0842 0.0013
black eyes 0.0937 0.0104
closed eyes 0.1829 0.0345

(e) with wrinkles

StyleCLIP Ours

indicator(↓) 0.2580 0.0900

△d
′
c 0.4072 0.3190

△d
′
e

oval face 0.1498 0.0486
small nose 0.1566 0.0524
narrow eyes 0.1133 0.0285
with lipstick 0.1100 0.0290
long eyebrows 0.1245 0.0210
short hair 0.1004 0.0303
with bangs 0.0594 -0.0121
receding hairline 0.0268 0.0006
sideburns 0.0876 0.0256
high cheekbones 0.1225 0.0404

(f) with glasses

Table 2.2: Quantitative comparisons (1/2) of disentangled text-driven image manipula-
tion with StyleCLIP [123], using the evaluation metrics introduced in Sec. 2.4.3. For the
indicator, lower is better. The text command is indicated under each sub-table. Specifi-
cally, we illustrate each individual item in the changes of predicted entangled attributes
△d

′
e.
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StyleCLIP Ours

indicator(↓) 0.4401 0.1521

△d
′
c 0.5371 0.263

△d
′
e

green eyes 0.1867 0.0270
narrow eyes 0.3378 0.0672
dark eyebrows 0.1920 0.0251
with lipstick 0.1914 0.0574
long nose 0.2805 0.0494
high cheekbones 0.1708 0.0322
oval face 0.3418 -0.0489
with makeup 0.2076 0.0275
blond hair 0.1586 0.0181
rosy cheeks 0.2968 0.0472

(g) pale

StyleCLIP Ours

indicator(↓) 0.3800 0.1418

△d
′
c 0.5579 0.2452

△d
′
e

open mouth 0.262 0.0376
oval face 0.2924 0.0442
round eyebrows 0.1990 0.0563
big nose 0.2588 0.0243
big mouth 0.2839 0.0485
with lipstick 0.1156 0.0144
sideburns 0.1311 -0.0122
rosy cheeks 0.1566 0.0444
closed eyes 0.2248 0.0466
bald 0.1972 0.0218

(h) double chin

StyleCLIP Ours

indicator(↓) 0.3069 0.1491

△d
′
c 0.4904 0.3149

△d
′
e

arched eyebrows 0.1077 0.0270
closed mouth 0.2105 0.0814
with makeup 0.2154 0.1035
green eyes 0.0467 0.0134
high cheekbones 0.1517 0.0526
oval face 0.1933 0.0482
pinched nose 0.1070 -0.0027
white skin 0.1668 0.0371
big eyes 0.1157 0.0424
rosy cheeks 0.1900 0.0611

(i) with lipstick

StyleCLIP Ours

indicator(↓) 0.4002 0.1881

△d
′
c 0.3585 0.1425

△d
′
e

with lipstick 0.1783 0.0364
round eyes 0.1541 0.0275
with makeup 0.1909 0.0420
thick nose 0.1836 0.0418
round face 0.1222 0.0157
rosy cheeks 0.1404 0.0121
with earrings 0.1044 -0.0278
double chin 0.1633 0.0410
blond hair 0.1112 0.0243
with bangs 0.0865 0.0175

(j) arched eyebrows

StyleCLIP Ours

indicator(↓) 0.4220 0.2163

△d
′
c 0.4880 0.2480

△d
′
e

wide eyes 0.3635 0.1212
with makeup 0.2127 0.0677
bags under eyes 0.2702 0.1005
with lipstick 0.1587 0.0350
rosy cheeks 0.2317 0.0375
blond hair 0.1263 0.0321
round face 0.1993 -0.0518
pinched nose 0.1786 0.0374
white skin 0.2236 0.0432
long hair 0.0949 0.0109

(k) blue eyes

StyleCLIP Ours

indicator(↓) 0.3703 0.2917

△d
′
c 0.4575 0.0712

△d
′
e

arched eyebrows 0.1425 0.0193
short hair 0.1369 0.0183
with makeup 0.2054 0.0370
high cheekbones 0.1553 0.0188
with lipstick 0.1531 0.0210
green eyes 0.1338 0.0115
round face 0.1965 -0.0233
with bangs 0.0992 0.0142
round eyes 0.1899 0.0203
with makeup 0.2035 0.0240

(l) with earrings

Table 2.2: Quantitative comparisons (2/2) of disentangled text-driven image manipula-
tion with StyleCLIP [123], using the evaluation metrics introduced in Sec. 2.4.3. For the
indicator, lower is better. The text command is indicated under each sub-table. Specifi-
cally, we illustrate each individual item in the changes of predicted entangled attributes
△d

′
e.
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(d) with wrinkles

Figure 2.6: Image manipulation results from StyleCLIP [123] and ours, using gradually
increasing manipulation strengths. Our method presents better fore-and-aft consistency
along the change of manipulation strength.

when △d
′

c reaches 0.4880, the △d
′

e for “wide eyes” is 0.3635. 2) Our entan-

glement loss prevents the entanglements in image manipulation effectively.

For each text command in the experiment, the indicator of “Ours” is sig-

nificantly lower than that of “StyleCLIP”, indicating that we achieve more

disentangled image manipulation. Changes on previously entangled at-

tributes are greatly diminished (as in △d
′

e) while the manipulation effect

is not affected much (according to △d
′

c). In qualitative results, we illus-

trate that our method can achieve comparable manipulation effect with

StyleCLIP when increases the manipulation strength.
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2.5.3 Qualitative Results

Direct Manipulation Outputs. We firstly compare the directly outputted

manipulation results from the trained models, without changing the ma-

nipulation strengths. In Fig. 2.5, we illustrate the comparing qualitative

results on multiple text commands. As can be seen in the manipulation

results of “StyleCLIP”, it not only manipulates the required attributes, but

also manipulates other attributes. Take text command “grey hair” as an

example, the manipulated face gets grey hair, while it gets whiter skin and

grey eyes simultaneously. Similarly, for the text command “with wrinkles”,

the manipulated face gets wrinkles, grey hair, and more closed eyes in the

meanwhile. Other manipulation results are obtained in similar conditions.

By contrast, “Ours” achieves more ideal manipulation results, where

almost only the desired attribute is manipulated while other attributes of

are well preserved. For example, for “wavy hair”, “Ours” hair becomes

wavy while the hair length is close to the original one and the skin color

does not become whiter; for “double chin”, “Ours” gets double chin while

the eye color remains light brown, skin color is kept well, and mouth does

not open much. In addition, it is worth mentioning that the qualitative

results are quite consistent with the quantitative results, indicating that

the proposed evaluation metrics are effective for the disentangled image

manipulation task.

Strength-Adjusted Manipulation Outputs. We further compare the manip-

ulation results with gradually increasing manipulation strength. To illus-

trate, we show four groups of comparing results in Fig. 2.6. In each group,

we present the manipulation results for male and female, respectively. We

observe that our method learns more disentangled manipulation directions

compared to StyleCLIP. For StyleCLIP, when the manipulation strength

increases, the desired attribute becomes more and more obvious, as well
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as the entangled attributes. As the male-case in Fig. 2.6a, from left to

right, the eyes become increasingly blue while they also become wider,

the face becomes whiter, and the hair color becomes lighter. Contrarily,

our method presents better manipulation consistency. When the manip-

ulation strength increases, the target attribute gradually turns apparent

while others remain almost unchanged.

Hyper-Parameters. In the previous sections, we illustrate the ability of

our method to achieve disentangled image manipulation without human

trials-and-errors. To further study the effects of hyper-parameters, we

tune the coefficient of the proposed entanglement loss λE in Eq. (2.8) and

the number of constraining attributes N in Eq. (2.7). We show comparing

results on “blue eyes” and “with earrings”, which are found to be more

entangled according to previous experimental results. As in Fig. 2.7a, when

λE increases, the manipulation effects become less conspicuous while other

attributes remain better. However, the manipulation effect can be enlarged

by increasing the manipulation strength afterwards. As in Fig. 2.7b, when

N varies, there are no obvious differences between the manipulation results.

To conclude, our method is not sensitive to hyper-parameters.

2.6 Discussions and Conclusion

2.6.1 Discussions

Generality. We extend our method to the multiple attribute manipula-

tions by handling them as multiple single-command, predicting entangled

attributes for each one, and using Entanglement Loss based on the grouped

predicted entangled attributes. The experimental results are illustrated in

Fig. 2.8. As shown, our method can be generalized to the multiple attribute

manipulation setting.
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Figure 2.7: Hyper-parameters study of PPE.

Ethical Impact. One common issue in the image manipulation model is

that it is biased toward the dataset the model was trained on. For example,

BlendGAN [99] indicates that the ethical biases of a dataset may transfer to

their model, e.g., the model outputs faces with lighter skin while the input

faces are darker-skinned. Our work can help reduce this ethical impact,

as our method aims at disentangled image manipulation that only changes

the desired attribute while letting the others unchanged, e.g., our method

can change the eye color while maintaining the skin color well.
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original “long curly hair”“blue eyes and 
wavy hair”

“blue eyes and
open mouth”

Figure 2.8: Multiple attribute manipulations with PPE.

2.6.2 Limitations

The limitations of the proposed PPE method are as follows: 1) Similar

to StyleCLIP, the command out of the domain of CLIP and StyleGAN

may not obtain ideal manipulation results. 2) The disentanglement extent

in the manipulation results depends on the disentanglement extent in the

latent space of StyleGAN. Since we study latent space image manipula-

tion, the best our method can do is to find the most disentangled latent

path in the latent space of pre-trained generator. If the attributes are orig-

inally entangled for the generator, PPE is unable to achieve completely

disentangled manipulations.

2.6.3 Conclusion

In this work, we propose Predict, Prevent, and Evaluate (PPE) to achieve

disentangled image manipulation with little manual effort by deeply ex-

ploiting the powerful large-scale pre-trained vision-language model CLIP.

CLIP is leveraged to 1) Predict the entangled attributes given textual

manipulation command, 2) Prevent the model from finding entangled

manipulating latent directions through a novel entanglement loss, and 3)

establish a new evaluation metric that can simultaneously Evaluate the

effects of manipulation and entanglement. PPE is tested on the challenging

face editing task and is proven effective.
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This chapter explored how predictive language modeling can enhance

the controllability of image manipulation by anticipating and preventing se-

mantic entanglement. While the focus here was on disentangling attribute-

level modifications guided by natural language, the next chapter turns to

a different aspect of language-driven control: using language as a means to

guide abstract, conceptual style transfer in the latent space of generative

models.
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Chapter 3

Language-Guided Image Style

Transfer in Generative Latent Space1

3.1 Problem Statement

In the last few years, a lot of work has focused on the style trans-

fer task using a reference image as a representative of the target style,

where the goal is to transfer the style of the reference to a content im-

age [52, 63, 120, 17, 96, 32, 31, 162]. Recent improvements in this

field include: reducing the artifacts [15, 104, 23, 162], modeling the

style-content relationship [120, 177, 101], increasing the generation diver-

sity [93, 152, 183] and many others. However, art styles are usually abstract

concepts, e.g., pop art, fauvism, and the style of Van Gogh. To transfer

these abstract art styles to a content image, the low-level features (e.g., tex-

tures and colors), which are commonly extracted from a single reference

image, are not enough. A possible solution is to collect a set of reference

images that can be used, e.g., to train a Generative Adversarial Network

(GAN) for artist-specific style transfer [140, 186, 78]. The disadvantage

of this set-based representation is the effort required to collect sufficiently

1This chapter is based on our published work: Xu et al., ”StylerDALLE: Language-Guided Style
Transfer Using a Vector-Quantized Tokenizer of a Large-Scale Generative Model”, ICCV 2023.
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Content image Surrealism Pop art Fauvism Monet Van GoghUkiyo-e print

Figure 3.1: With a large-scale pretrained vector-quantized tokenizer (e.g., the dVAE of
DALL-E) and CLIP, StylerDALLE can transfer various types of styles (indicated on the
top), from abstract art styles to specific artist styles and more.

34



CHAPTER 3. StylerDALLE 3.1. PROBLEM STATEMENT

large style-specific data for training.

Recently, large-scale image generative models [131, 130, 139, 179] have

shown their power to generate high-quality images of various types, e.g.,

realistic photo, cartoon, ukiyo-e print, or painting of a specific artist. More-

over, CLIP [128], which is trained with 400 million text-image pairs, learns

good joint knowledge between language and vision. Can we leverage the

power of these large-scale models for style transfer? In this work, we pro-

pose StylerDALLE, a language-guided style transfer method that uses

both the vector-quantized tokenizer of large-scale image generative meth-

ods and CLIP. There are three advantages of our method. Firstly, as com-

pared to images, language is a more natural and efficient way to describe

abstract art styles and enables more flexibility. Language can directly in-

dicate art styles at different levels, e.g., “Van Gogh style oil painting” and

“Van Gogh starry night style oil painting”. Secondly, using CLIP and the

language description of style saves the effort of collecting style images, as

CLIP already learns style-related knowledge and thus can be used to pro-

vide supervision. Thirdly, using a large-scale pretrained vector-quantized

tokenizer potentially enables style transfer results to be closer to real art-

works, as the model is trained from an enormous number of real-world

images. In concrete, we propose a Non-Autoregressive Transformer (NAT)

model [56], which translates tokens of a content image to tokens of a styl-

ized image in the discrete latent space of a pretrained visual tokenizer, and

a two-stage training paradigm.

First of all, since both the input content image and output stylized

image can be represented by a sequence of tokens via the large-scale pre-

trained vector-quantized tokenizer, we formulate the language-guided style

transfer task as a token sequence translation. Specifically, we design a

NAT model that learns to translate a token-based representation of a low-

resolution image into a full-resolution representation, where the final token
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sequence contains appearance details specialized for the target style. The

most important advantage of using NAT in image generation, with respect

to the more common autoregressive transformer (AT) based generation, is

that NAT is much faster than AT at inference time, as it allows a parallel

token generation while AT generates in a token-by-token way.

Secondly, we propose to use CLIP-based language supervision to ensure

stylization and content preservation simultaneously, saving the effort to

collect data and design dedicated losses. A similar solution that uses CLIP

to do style transfer is CLIPStyler [79]. Since merely maximizing the CLIP

similarity with respect to a textual style description is not enough for a

style transfer task, which should also preserve the content of the source

image, CLIPstyler introduces a hybrid of losses, including a content loss

measured in an external pre-trained VGG network. Conversely, we propose

an alternative direction, which avoids the need to tune the coefficients

of different loss functions so as to keep the balance between style and

content. Specifically, we introduce a two-stage training paradigm: 1) a self-

supervised pretraining stage, where the model learns to add semantically

coherent image details from a low-resolution image to a high-resolution

image; and 2) a style-specific fine-tuning stage, where the model learns

to incorporate style into the high-resolution image. Since the fine-tuning

phase is built on top of the first stage, the translator is able to keep the

semantic consistency with respect to the input image as learned during

pretraining. Moreover, we create a textual prompt by concatenating both

the style and the textual description of the image content (i.e., its caption).

This way, the prompt simultaneously models both the target appearance

(i.e., the style description) and the image content which should be preserved

by the translation process. Finally, since our translator’s output is discrete

and there is no ground-truth tokens for a stylized image, we introduce a

Reinforcement Learning (RL) approach to fine-tune the translator using
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a reward based on the CLIP similarity between the stylized image and

textual prompt, enabling the model to explore the answers in the latent

space of a pretrained vector-quantized tokenizer.

We call our network StylerDALLE and we show that it can generate

stylized images driven by different types of language guidance. Compared

with previous language-guided and reference image-based transfer meth-

ods, our generated images are less inclined to produce artifacts or semantic

errors. Moreover, they can capture abstract concepts related to the target

style (e.g., the typical brushstrokes of the artist) besides low-level fea-

tures like texture and colors. We illustrate the effectiveness of our method

through qualitative results, quantitative results, and a user study.

To conclude, our main contributions are:

• We propose StylerDALLE, a language-guided style transfer method

that manipulates the discrete latent space of a pretrained vector-

quantized tokenizer using a token sequence translation approach.

• We propose a non-autoregressive translation network that translates

a low-resolution content image into a full-resolution image with style-

specific details.

• We propose a two-stage training procedure, including an RL strat-

egy to ensure stylization and content preservation using CLIP-based

language supervision.

• Experimental results show that StylerDALLE can effectively transfer

abstract style concepts, going beyond simple texture and color features

while simultaneously preserving the semantic content of the translated

scene.
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3.2 Related Work

Reference Image-Based Style Transfer. Gatys et al. [52] propose a neural

style transfer method in which a pre-trained CNN is used to extract con-

tent and style information from images, and to transfer the latter from an

image to another. Following this pioneering work, a lot of interests have

been attracted, with different methods focusing on different aspects of the

topic, such as, e.g., diversified style transfer [152, 163], or attention mech-

anisms to fuse style and content [176, 120, 101]. A specific line of work

focuses on artistic style transfer. For instance, Chen et al. [17] propose

to use internal-external learning and contrastive learning with GANs to

bridge the gap between human artworks and AI-created artworks. Wang

et al. [162] introduce an aesthetic discriminator trained with a large cor-

pus of human-created artworks. Other works train GANs using an artist-

specific collection of images [140, 78, 16]. In contrast, we use the generic

visual-language semantics embedded in the large-scale pretrained vector-

quantized tokenizer and CLIP to avoid collecting style or artist-specific

datasets.

Language-Guided Style Transfer. Very recently a few works have proposed

transferring methods conditioned on a textual description of the style. For

instance, Fu et al. [46] use contrastive learning to train a GAN for artis-

tic style transfer, but they adopt descriptive language instructions rather

than more abstract style concepts. Gal et al. [50] use the CLIP space for

a domain adaptation of a pre-trained StyleGAN [73]. The method closest

to our approach is CLIPStyler [79], where a patch-wise CLIP loss is used

to train a U-Net [138]. However, to condition the style change while pre-

serving the image content, CLIPStyler uses hybrid losses and a rejection

threshold, introducing many hyperparameters. In our method, we only use
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CLIP-based language supervision to ensure the style and content, saving

the efforts of designing losses and tuning hyperparameters.

Large-scale Text-to-Image Generation Models. Recently, text-to-image

models trained with large or very large scale datasets [131, 130, 139, 179, 14]

have attracted tremendous attention because of their excellent performance

in generating high-quality images starting from a textual query. Inspired

by their strong ability to synthesize various types of images, we study

how to use large-scale text-to-image models for style transfer. Specifically,

we focus on transformer-based methods, which are potentially less time-

consuming as compared to diffusion model-based methods [108]. In addi-

tion, we propose to use a non-autoregressive transformer that can generate

tokens in parallel.

3.3 Background

Vector-Quantzied Image Tokenizer. Transformer-based text-to-image gen-

erative models [131, 34, 35, 179, 14] rely on a vector-quantized image to-

kenizer to produce a discrete representation of the images, e.g., DALL-

E [131] has a dVAE [132] and PARTI [179] has a ViT-VQGAN. Despite

the differences in implementing the tokenizers, the effects are the same.

In more detail, an image I is transformed into a k × k grid of tokens

X = {xi,j}i,j=1,...k, using an encoder E(·). Each token xi,j ∈ X = E(I) is

an index of a codebook of embeddings (C = {eee1, ...eeeM}, 1 ≤ xi,j ≤ M),

built during the training, and corresponds to a patch in I. A decoder G(·)
takes as input a grid of embeddings and reconstructs the original image:

Î = G({eeexi,j
}i,j=1,...k). Training in the transformer-based text-to-image

generative models consists of two stages. The first stage is dedicated to

training the image tokenizer, while in the second phase, a transformer is
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Figure 3.2: A schematic illustration of StylerDALLE. We propose a NAT to translate
tokens of a half-resolution content image to tokens of a full-resolution stylized image.
StylerDALLE consists of three parts: 1) image tokenization preprocessing, to obtain the
discrete visual tokens from a pretrained image tokenizer; 2) self-supervised pretraining,
to train the NAT to predict full-resolution content images from half-resolution content
images; and 3) style-specific fine-tuning, to let the model adding style details in the
up-scaling prediction via Reinforcement Learning with language-prompted CLIP guid-
ance. Specifically, in our NAT, the decoder input is duplicated from the tokens of the
half-resolution image, following the natural positional correspondence (as highlighted by
orange rectangles in the left part) with the full-resolution image.

used to learn a prior distribution over the text and the image tokens. In

StylerDALLE (Sec. 3.4) we only use the pretrained image tokenizer.

Non-Autoregressive Transformer (NAT). Gu et al. [56] propose a NAT for

natural language translation, which consists of an encoder and a decoder.

The encoder takes as input a source sentence X = {x1, ..., xN ′} of N ′ tokens

and outputs a distribution over possible output sentences Y = {y1, ..., yN},
where Y is the translation of X in the target language and, usually, N ̸=
N ′. The main novelty of NAT with respect to AT is that, during training,

NAT uses a conditional independent factorization for the target sentence
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and the following log-likelihood:

L(θ) =
N∑
n=1

log p(yn|x1:N ′; θ), (3.1)

which differs from the common AT factorization in which the predic-

tion of the n-th token (yn) depends on the previously predicted tokens

(p(yn|y0:n−1, x1:N ′; θ)). This conditional independence assumption makes it

possible a parallel generation of Y at inference time, largely accelerating

the translation time with respect to AT models. Importantly, to make

parallel generation possible, the encoder input (X) is provided as input to

the decoder as well, and individual tokens (xn ∈ X) can be copied zero or

more times, with the number of times each input is copied depending on a

specific predicted “fertility” value. As we will see in Sec. 3.4.1, we do not

need to predict fertilities because, in our case, the cardinality of the input

copies is fixed and determined by the up-scaling task we use for the image

translation.

3.4 Method

The language-guided style transfer task can be described as follows. Given

an image I, we want to generate a new image Is which preserves the

semantic content of I but changes its appearance according to a textual

style description ts (e.g., “cartoon”). In StylerDALLE, we formulate this

task as a visual-token based translation, from tokens of a content image

to tokens of a stylized image. Specifically, given a content image I we

first downsample I to get a half-resolution image I ′. Then, I ′ is fed to the

tokenization encoder (Sec. 3.3) which extracts a discrete grid of k×k source

tokens X ′ = E(I ′). X ′ can now be “translated” into a target (discrete)

representation Ŷ , where Ŷ is a grid at the original resolution (2k × 2k)

41



3.4. METHOD CHAPTER 3. StylerDALLE

and Ŷ = f(X ′), being f(·) the translation function. Finally, Ŷ is fed into

the tokenization decoder obtaining the stylized image Is = G(Ŷ ). In the

following subsections, we describe the architecture of f(·) and the way in

which it is trained.

3.4.1 Architecture and self-supervised pre-training

For our translation network f(·) we use a NAT architecture [56] (Sec. 3.3)

which we train from scratch using a self-supervised learning pretext task

consisting in predicting the image at full resolution. Specifically, given the

downsampled image I ′ and its corresponding grid of tokens X ′ = E(I ′),

we use the indexes in X ′ to extract the corresponding embeddings from

C (Sec. 3.3). For each xi,j ∈ X ′, let eeexi,j
be the corresponding embedding

in C and let N ′ = k2. The so obtained set of embeddings is flattened

into a sequence, and, for each element eeen of the sequence (1 ≤ n ≤ N ′),

we add an absolute positional embedding [153] pppn, where pppn has the same

dimension as eeen: vvvn = eeen + pppn. The final sequence V ′ = {vvv1, ..., vvvn, ..., vvvN ′}
is input to the encoder of f(·). Note that an alternative solution is to

directly fed f(·) with (a flattened version of) X ′ and let f(·) learn its own

initial token embedding. However, using the embeddings in C has the

advantage of exploiting the image representation of the pre-trained image

tokenizer. Moreover, from the original image I we extract the ground truth

X = E(I), which is flattened in a sequence of N = 4k2 tokens.

Finally, following [56], we build a second sequence of input embeddings

V , with cardinality N , which is fed to the decoder of f(·). As mentioned

in Sec. 3.3, differently from NAT, we do not predict fertility values. In-

stead, we get the input of the decoder by simply replicating each element

xi,j ∈ X ′ according to the positional correspondences between the low-

resolution image and high-resolution image (as in Fig. 3.2). The rationale

behind this choice is that f(·) is trained to predict the full-resolution image,
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and each encoder input (eeexi,j
) corresponds to a patch in the subsampled

image I ′ and to 4 patches in the full-resolution image I. Thus, initializing

the decoder with 4 replicas of each source-image patch initial embedding

provides a coarse-grained signal for the upsampling task. Similar to before,

the embeddings extracted from C are then flattened and added with a new

positional encoding.

Both the encoder and the decoder have self-attention layers and no

causal masking is used. However, following [56], in the decoder, we mask

out each query position (n) only from attending to itself. Using V ′ and V ,

f(·) generates N parallel posterior distributions over the visual vocabulary

({1, ...,M}): P = fθ(V
′, V ), where P is a N ×M matrix, Pn ∈ [0, 1]M and

Pn[y] = pθ(Yn = y|V ′, V ). Using Y = {y1, ..., yn, ..., yN}, f(·) is trained to

maximize:

Lpre−train(θ) =
N∑
n=1

logPn[yn]. (3.2)

This pre-training stage is independent of the target style and it can

be shared over different styles. After this stage, f(·) is able to generate

realistic low-level details (which are missing in I ′). In the next, we describe

how a specific style is incorporated in f(·) using a fine-tuning phase.

3.4.2 Style-specific fine-tuning

Given a style description provided with a textual sentence ts, the goal is to

fine-tune the pre-trained translator f(·) (Sec. 3.4.1) to make it generate im-

age details in the style of ts. We fine-tune only the decoder of f(·), keeping
frozen the encoder. To ensure both stylization and content preservation,

we design a prompt that consists of two parts, i.e., a style description ts

and an image caption ta, which describe the image content and can be ob-

tained from a generic image captioning dataset. For instance, given ta =
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“A man’s hand is adjusting his black tie” and ts = “cartoon”, we obtain

tq = “a cartoon of a man’s hand is adjusting his black tie. On the other

hand, in order to represent the image generated by f(·), we first need to

sample the distributions in P (Sec. 3.4.1), and we do so using multinomial

sampling:

Ŷn = Sampling(Pn[y]), ∀n ∈ {1, ..., N}. (3.3)

The sampled sequence Ŷ is reshaped to a 2k × 2k grid and fed to the

image detokenizer to get the final image Is = G(Ŷ ). Finally, using the

CLIP visual and textual encoders we compute the cosine similarity on the

CLIP space:

r = SimCLIP (I
s, tq). (3.4)

However, directly using Eq. 3.4 as the fine-tuning objective function is

not possible because Eq. 3.3 is not differentiable. In addition, since there is

no ground truth for the tokens of stylized images we use RL to encourage

the model to explore the answers in the latent space of a pretrained vector-

quantized model. We use the REINFORCE algorithm [164] that updates

the parameters of fθ(·) using the CLIP-based reward r, which could keep

awarding the model for achieving better-stylized results until the model

reaches a limit. This leads to the gradient estimate:

∇θ|dLfine−tune(θ|d) =
N∑
n=1

r∇θ|d logPn[yn], (3.5)

where θ|d indicates the parameters of the decoder only (we found fine-

tuning both could lead to content loss). By maximizing Eq. 3.5 we encour-

age f(·) to generate images having both the content and the style of the

prompt tq.
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Figure 3.3: Qualitative results of StylerDALLE-1 on various styles: (a) Monet Sunrise,
(b) Picasso cubism, (c) Van Gogh blue color, (d) Van Gogh purple color, (e) warm and
relaxing, (f) ukiyo-e print, (g) fauvism, (h) pixel art illustration. The style references at
the top are for illustration only (not used as input to the model).

With respect to the whole method, the reason we use down-sampled

versions of the content image is that “style” is commonly assumed to be

involved in the low-level visual details, such as colors, texture, painting

strokes, etc. X ′, which in our formulation represents I at a lower resolution,

presumably keeps most of the content in I discarding some details, this

way facilitating the style translation process. Preliminary experiments (in

Appendix 3.8) in which we fed the encoder with tokenized full-resolution

images led to poor results, demonstrating that the different cardinality

between the source and the target sequence is an essential component in

this translation process.
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Content               (a)                  (b)                    (c)                  (d)                    (e)            (f)                   (g)                 (h)

Style
References

Figure 3.4: Qualitative results of StylerDALLE-Ru on various styles: (a) Monet, (b)
Monet Paris, (c) Monet Venice, (d) Van Gogh, (e) Van Gogh Irises, (f) Van Gogh Almond,
(g) Van Gogh Starry Night, (h) Van Gogh Sunflowers. The style references at the top are
for illustration only (not used as input to the model).

3.5 Experiments

3.5.1 Training Details

We implement our method based on two types of pretrained vector-

quantized tokenizer: 1) the officially released dVAE of DALL-E 1 [116]

and 2) the VQGAN of Ru-DALLE [158], and consequently obtain two

groups of results, noting as StylerDALLE-1 and StylerDALLE-Ru, re-

spectively. We use the two models in our experiment because they are

open-sourced while our method is applicable to any large-scale pretrained

vector-quantized tokenizer.

To train the model, we use the MS-COCO [97] train-set, which contains

83k images of common objects in daily scenes. In the self-supervised pre-
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training stage, we only use the images while in the style-specific fine-tuning

stage we use both images and captions. The StylerDALLE NAT model

consists of a 4-layer encoder and an 8-layer decoder while the attention

head number is 8 and the hidden dimension is 512. We use Pytorch [121]

to implement our method. We train the NAT model for 25 epochs with

a learning rate of 1e-4. We use Adam [77] optimizer. In the style-specific

fine-tuning stage, we use both the images and the captions. In particular,

we utilize all the caption annotations to enhance the model robustness, as

usually human-beings annotate different captions of a single image. No-

tably, the caption annotations are only used at the fine-tuning stage. In

other words, StylerDALLE does not need to use image caption as input at

inference time. We only fine-tune the decoder of the NAT model, and keep

the encoder frozen. We use Adam optimizer with a learning rate of 1e-6.

For CLIP model, we use the CLIP ViT-B/32 model. For both training

stages, the model is trained on a single RTX-A6000 GPU for 24 hours.

For pretrained vector-quantized image tokenizer, we use the officially re-

leased dVAE of DALL-E2 or the VQGAN of Ru-DALLE3. To compare with

CLIPStyler, we use the official implementation.4 For all reference image-

based comparing methods, we use the officially released trained models.5

3.5.2 Experimental Results

In the following, we present qualitative results, quantitative results, and

user study results of our method and comparative methods, as well as

comparisons with reference image-based methods. We also include ablation

studies and inference time comparisons.

2DALL-E: https://github.com/openai/dall-e
3Ru-DALLE:https://github.com/ai-forever/ru-dalle
4CLIPStyler: https://github.com/cyclomon/CLIPstyler
5AesUST: https://github.com/EndyWon/AesUST, StyTr2: https://github.com/diyiiyiii/

StyTR-2.
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CLIPStyler-
Optimization

CLIPStyler-
Fast

StylerDALLE
（Ours）

Content                 (a)                        (b)                         (c)                        (d)                (e)                         (f)

Style
References

Figure 3.5: Comparisons with language-guided methods. The styles are (a) fauvism, (b)
Monet, (c) Monet Impression Sunrise, (d) oil painting, (e) watercolor painting, (f) Van
Gogh, (g) Van Gogh blue color. The style references at the top are for illustration only
(not used as input to the model).

Qualitative Results. In Fig. 3.1, Fig. 3.3 and Fig. 3.4, we show that our

method can effectively transfer various types of styles, i.e., a) abstract art

styles, e.g., “fauvism” and “pop art”; b) artist-specific styles, e.g., “Monet”

and “Van Gogh”; c) artist-specific styles with additional descriptions, e.g.,

“Monet Paris” and “Van Gogh Sunflowers”; d) artistic painting types, e.g.,

“pixel art illustration”; and e) emotional effects, e.g., “warm and relaxing”.

According to the qualitative results, we draw the following conclusions:

1) StylerDALLE can transfer abstract style concepts which go beyond

the texture and color features and are similar to the typical trait of the

artist/artistic target style; 2) each style corresponds to generated images

that are different from those of other styles; 3) the image content is well

preserved; and 4) StylerDALLE can be applied to open-domain content

images (i.e., the image content can contain animals, human beings, daily

objects, buildings, etc.).
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Dataset
Method

Style
Fauvism Monet

Monet
Sunrise

Monet
Sunset

Monet
Paris

Van Gogh
Irises

Van Gogh
Almond Blossoms

COCO
CLIPstyler-Fast 26.11 27.46 24.78 26.70 27.60 26.23 27.05

Ours 30.61 27.72 28.81 30.68 29.63 28.14 31.64

AFHQ
CLIPstyler-Fast 26.52 26.08 23.27 25.05 25.42 23.28 24.31

Ours 29.96 26.55 26.58 29.11 26.10 28.04 31.92

ImageNet-100
CLIPstyler-Fast 26.63 27.16 24.33 26.12 27.28 26.32 26.23

Ours 30.22 27.53 28.29 30.28 27.67 28.26 31.60

Table 3.1: Quantitative comparisons with CLIPstyler [79] on different types of styles and
datasets.

Further, we compare StylerDALLE with the recent language-guided

style transfer method CLIPStyler [79]. CLIPstyler proposes two methods:

1) CLIPStyler-Optimization, which optimizes a style transfer network for

each content image, thus being time-consuming; and 2) CLIPStyler-Fast,

which is the most comparable method to ours as it trains a network for

each style, and then it can be used with any content images. As shown in

Fig. 3.5, CLIPStyler-Optimization generates diverse stylized results but it

suffers from inharmonious artifacts. For instance, in the column “Monet”,

there are many plants on the train. In addition, CLIPStyler-Optimization

has the problems of writing the style text in the results, as in the results

of ”fauvism” and so on. On the other hand, the images generated by

CLIPStyler-Fast do not contain artifacts but there is less variation among

different styles. Importantly, it is hard to recognize the typical trait of each

artistic style, and the main differences among the styles are the colors. In

contrast, the results of StylerDALLE are much closer to the artworks of

the specific artistic style, they show distinct differences among different

styles, and they have no artifact issues.

Quantitative Results. To do quantitative analysis, we use the CLIP simi-

larity score, formalized as score = SimCLIP (I, ts), which is computed be-

tween generated stylized images and textual description of the target style.

In Tab. 3.1, we present the results of StylerDALLE-1 and CLIPstyler-Fast.
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Since both methods are applicable for arbitrary content images, we use the

MS-COCO val-set, AFHQ val-set [25], and ImageNet-100 val-set [30] for

evaluation. According to the results on multiple datasets, although the

way we use CLIP is to compute rewards in Reinforcement Learning, in-

stead of directly using CLIP-scores to optimize the network as CLIPstyler,

we achieve comparable and even better quantitative results, indicating the

effectiveness of our method.

User Study. We conduct a user study to see human opinions towards the

stylized images coming from different methods: 1) CLIPstyler-Fast, 2)

StylerDALLE-1, and 3) StylerDALLE-Ru. In specific, we collect opin-

ions from 35 human subjects with a 30-question questionnaire. In each

question, we ask them to select one stylized result that is closest to a tar-

get style. As in Tab. 3.2, among the three methods, StylerDALLE-Ru

achieves the highest preference score of 68.76%, indicating the superior-

ity of our method. We also find that humans prefer StylerDALLE-Ru

much more than StylerDALLE-1. We infer this could be because the re-

sults from StylerDALLE-1 are blurry, as they are based on the dVAE of

DALLE-1, and humans dislike blurry images.

Other than the quantitative analysis and qualitative analysis, as in

Tab. 3.2, we further involve human subjects to evaluate the style trans-

fer results of StylerDALLE and the comparing method CLIPstyler. To

help the participants know the styles, at the beginning of evaluating each

style, we incorporate several illustrations of the style (Tab. 3.6a). We show

part of the questionnaire in Tab. 3.6b. We use Google Forms to collect

user opinions.

Comparisons with Reference Image-Based Methods. We compare

StylerDALLE with state-of-the-art reference image-based methods:
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(a) We illustrate each style with several
examples to let the participant know the
styles.

(b) In each question, we ask the participant
to select one image that is most likely to
be of the target style. The order of the
candidates is randomly shuffled.

Figure 3.6: Illustrations of the StylerDALLE user study details.

1) AesUST [162], an arbitrary style transfer method which enhances the

aesthetic reality using a GAN trained with a collection of artworks; and 2)

StyTr2 [31], an arbitrary style transfer method which uses a transformer to

eliminate the biased content representation issues of CNN-based methods.

To make the comparison feasible, we show the results of AesUST and

StyleTr2 using two Van Gogh paintings as the reference images, and

the results of StylerDALLE trained using the corresponding language

description.

As shown in Fig. 3.7, the results of StylerDALLE are distinctive from

the results of reference image-based methods. In concrete, the results of

both AesUST and StyleTr2 are mostly affected by the colors and the tex-

tures of the reference images, and to some extent in an unnatural way. For
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(%)
CLIPstyler-

Fast
Styler

DALLE-1
Styler

DALLE-Ru

Preference 15.90 15.33 68.76

Table 3.2: Preference scores of StylerDALLE user study.

ref1

Content                     AesUST StyTr2             StylerDALLE-Ru AesUST StyTr2       StylerDALLE-Ru
w/ ref1                     w/ ref1                   w/ text                    w/ ref2                        w/ ref2                   w/ text  

ref2

Figure 3.7: Comparisons with reference image-based methods. StylerDALLE is able to
transfer more abstract concepts, e.g., specific painting strokes, and is less likely to produce
semantic errors.

instance, on the bottom line, in the “Van Gogh Irises” stylized results of

AesUST and StyleTr2, the textures of the irises get transferred to the or-

ange cup. In transferring the style of “Van Gogh Starry Night”, the objects

in the results of AesUST and StyleTr2 are mostly in the same dark-sky blue

as the reference image, making the scenes a bit in-realistic. By contrast,

the colors and textures used in the reference style are well transferred while

being appropriately applied to the contents, without changing the original

semantics. Moreover, StylerDALLE achieves to transfer higher-level style

features, e.g., the brushstroke, rather than merely colors and textures,

leading to the results of a similar style to the target one. For example, the

strokes in Starry Night are sharper as compared to the ones in Irises, and

the differences are also presented in the stylized results of StylerDALLE.
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Ablation Study. We study two ablations of StylerDALLE: (1) without

captions, and (2) without scaling.

Firstly, we ablate the usage of captions in formulating the prompt-based

reward during the style-specific fine-tuning stage (Sec. 3.4.2). In more de-

tail, instead of using the CLIP similarity between the stylized image Is and

the prompt tq (which combines the style description ts and the image cap-

tion ta) as the reward, we discard ta and we compute the CLIP similarity

between the stylized image Is and the style description ts as the reward. As

shown in Fig. 3.8, the two models StylerDALLE-1 and StylerDALLE-Ru

show different results on the ablation “w/o captions”. For StylerDALLE-

1 (Fig. 3.8a), we see that the results of the full model are slightly better.

In the results of StylerDALLE-1, the details are preserved better, and the

colors are closer to the light and muted colors used in watercolor paint-

ing. Moreover, the results are overall harmonious as there are few abrupt

brushstrokes. Meanwhile, “StylerDALLE-1 w/o captions” also presents

a satisfying style transfer quality, as the results keep a good balance be-

tween the stylization and content maintainess. This indicates our method

can also work for the dVAE of DALL-E when no caption is provided, thus

being less annotation-dependent. Nevertheless, “StylerDALLE-Ru w/o

captions” (Fig. 3.8b) fails to keep content consistency, emphasizing the

significance of using captions as part of the language supervision in the

Reinforcement Learning process for maintaining the content.

Secondly, we ablate the operation of down-sampling as introduced

in Sec. 3.4. Specifically, we directly input the discrete tokens of the

full-resolution image to the NAT model while conducting the same self-

supervised pre-training and style-specific fine-tuning. As shown in the

results of “ StylerDALLE-1 w/o scaling” (Fig. 3.8a) and ‘ StylerDALLE-

Ru w/o scaling” (Fig. 3.8b), scaling is an important procedure in

StylerDALLE: when the NAT model is input with the discrete tokens
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Content Image                     StylerDALLE-1 StylerDALLE-1 w/o caption  StylerDALLE-1 w/o scaling 

(a) Ablation study results on StylerDALLE-1, which is implemented based on the
officially released dVAE of DALL-E [116].

Content Image                   StylerDALLE-Ru StylerDALLE-Ru w/o caption StylerDALLE-Ru w/o scaling 

(b) Ablation study results on StylerDALLE-Ru, which is implemented based on the
VQGAN of Ru-DALLE [158].

Figure 3.8: Ablation study on StylerDALLE.

of the full-resolution image, the style cannot be incorporated effectively

through the Reinforcement Learning fine-tuning stage.
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Inference Time. To generate a single 256×256 stylized image (including

the time to down-sample, encode, translate through the NAT, and decode),

StylerDALLE needs 0.076s, which is the average time computed over the

COCO val-set using an RTX-A6000 GPU. The main idea of our work is to

use large-scale pretrained image generative models for style transfer and we

focus on using vector-quantization-based methods. Therefore, we conclude

that as compared to style transfer methods that are based on large-scale

diffusion models, StylerDALLE has the advantage of having less inference

time. For instance, as reported in a recent paper [14], Imagen [139] takes

9.1s to generate a 256×256 image on TPUv4 accelerators.

3.6 Conclusion

In this work, we present StylerDALLE, a language-guided style trans-

fer method that leverages the power of the large-scale pretrained vector-

quantized image tokenizer and CLIP. Specifically, inspired by natural lan-

guage translation, we propose a non-autoregressive sequence translation

approach to manipulate the discrete visual tokens, from the content image

to the stylized image. We use Reinforcement Learning to include CLIP-

based language supervision on the style and content. Differently from

previous work, StylerDALLE can transfer abstract style concepts that

are implicitly represented in the pretrained image tokenizer and CLIP and

which cannot be easily obtained using reference images. Moreover, using

the large-scale pretrained latent space as the basic image representation

makes it possible to reduce the artifacts and the semantic incoherence bet-

ter than the previous work that operates at the pixel level.

Having examined how language can guide abstract style transfer by op-

erating in the discrete latent space of large-scale generative models, we now

shift our focus to a more structural challenge in language-guided genera-
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tion. The next chapter investigates that artifacts emerge in CLIP-guided

image generation and proposes a spectral approach to mitigate these un-

desired effects, aiming to improve the semantic robustness of generation.
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Chapter 4

Spectral Filtering for CLIP-Guided

Image Generation1

4.1 Problem Statement

Style transfer is about transforming the overall appearance of a given con-

tent image to adhere to a specific style while preserving its content. Start-

ing from the pioneering paper of Gatys et al.. [52], this task has attracted

a growing interest in the scientific community because of its large applica-

tion interest (e.g., in the e-commerce or the entertainment industry, etc.).

While most of the methods proposed so far extract the style information

from a reference image [52, 63, 120, 17, 96, 32, 31, 162, 15, 104, 23, 176, 101,

152, 163] or a set of reference images [140, 186, 78], very recently, with the

emergence of vision-language foundation models, a few approaches have

started investigating the use of a textual description of the target style

[50, 79, 172]. The main idea is to describe the target style with a natural

language sentence (e.g., “pop art”) which is used to condition the con-

tent image transformation. The main advantage of this approach is that

natural language sentences can describe more general and more abstract

1This chapter is based on our published work: Xu et al., ”SpectralCLIP: Preventing Artifacts in
Text-Guided Style Transfer from a Spectral Perspective”, WACV 2024.

57



4.1. PROBLEM STATEMENT CHAPTER 4. SPECTRALCLIP

CLIP                            SpectralCLIPcontent

“pop art” “Giorgio Morandi”

CLIP                            SpectralCLIP

Figure 4.1: Text-guided style transfer results using either a CLIP-based image-text simi-
larity or SpectralCLIP. While using the standard CLIP leads to the generation of unde-
sirable artifacts (written words and unrelated visual entities as highlighted), the proposed
SpectralCLIP prevents the artifacts while maintaining other style features.

style characteristics that can hardly be extracted from a single reference

image. Moreover, this way, it is possible to indirectly exploit the knowl-

edge contained in the vision-language foundation model, which is usually

pre-trained using hundreds of millions of image-text pairs.

Kwon et al.proposed CLIPstyler [79], which utilises the power of CLIP

for text-guided style transfer for arbitrary images, demonstrating a broader

range of styles and higher transfer quality than previous work based on

reference images. However, as pointed out in [79], this method tends to

generate images with over-specific artifacts. To distinguish, we define two

types of artifacts: textual and visual artifacts. Visual artifacts are over-

specific entities drawn on the generated image. In the example of fig. 4.1,

when the style is “pop art”, CLIPstyler adds red lips and faces onto the

image. Textual artifacts are written words, typically from the textual

prompt describing the desired style, that appear on the generated image

in an unwanted manner. Examples can also be seen in fig. 4.1, where the

word “pop” is spread over the generated image when CLIPstyler transfers
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the image with the style of “pop art”. The presence of this type of artifact

is largely due to the entanglement of visual concepts and written texts

inherent in CLIP [107]. This entanglement issue in CLIP has been shown

to be problematic and prevalent in a variety of CLIP application scenarios,

including zero-shot classification and text-guided generation. The study

and alleviation of effects resulting from such undesirable entanglement is

a significant direction that has attracted increasing research attention [54,

81, 107].

In this paper, we propose to prevent artifact generation in text-guided

style transfer using a spectral approach. Spectral analysis has been used

to analyze temporal or spatial variations of signals [55]. Recently, re-

searchers in the field of natural language processing (NLP) have proven

its effectiveness in capturing linguistic information at different granular

levels [147, 109]. Tamkin et al.[147] show that the sequence of textual to-

kens input to a Transformer network [153] contains structures at different

scales: e.g., the word scale, the sentence scale, the document scale, etc.

These scales correspond to different frequencies in the changes of the val-

ues of the neurons’ activations and can be isolated using the coefficients

obtained by applying a DCT to the neuron activation sequence [147]. Intu-

itively, analogously to a sequence of linguistic tokens containing a hierarchy

of semantic levels (i.e.from word level up to the document level), the con-

stituent patches of an image also contain information at different levels.

Similarly to [147], we sort the frequency components into several continu-

ous bands. After analysing the patterns of artifacts present in CLIPstyler-

generated stylised images, we find that these artifacts are highly related to

certain frequency bands, and that by masking out these frequency compo-

nents, we can remove the artifacts effectively without hurting the quality

of stylised images. Hence, we propose SpectralCLIP to mask out those

frequency bands, which implements a spectral filtering layer on top of the
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last layer of the CLIP vision encoder. We conduct experiments that verify

the following points: (i) we experiment with many types of styles and find

SpectralCLIP can effectively reduce both visual and textual artifacts while

maintaining the target style well; (ii) we conduct a user study of 30 partic-

ipants to compare the visual quality in terms of the overall style and the

artifact-free performance of generated images, and find that our generated

images are preferred by 55.28% and 74.44% of the users in terms of

overall quality and artifact-free performance, respectively (Sec. 4.4.2); and

(iii) we also leverage the ‘learn-to-spell’ CLIP (the CLIP subspace that

focuses on written texts in the image) [107] to quantitatively validate that

SpectralCLIP efficiently reduces textual artifacts (Sec. 4.4.1) as the score

w.r.t. written texts is notably reduced. In addition, we employ Spectral-

CLIP for text-guided image generation (Sec. 4.4.4) and show it effectively

prevents written words on the generated images.

To conclude, the contributions of this paper are:

• We propose SpectralCLIP to prevent both textual and visual artifacts

in CLIP-guided style transfer. The effectiveness of SpectralCLIP has

been verified on multiple styles through qualitative results, quantita-

tive results, and a user study.

• SpectralCLIP is the first work to use spectral filtering in vision-

language models. Other than solving the artifacts issues in CLIP-

guided image style transfer, it also gives a new perspective on the

disentangling of written texts and visual concepts in the CLIP space.

• To emphasize the generality of SpectralCLIP, we show that it can

reduce the textual artifact generation also when used in a non style-

transfer task and jointly with a completely different generator based

on VQGAN.
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4.2 Related Work

Reference Image-Based Style Transfer. After a few initial works on

style transfer [41, 60], Gatys et al. [52] propose to use the Gram matrix

of a convolutional network to represent the target style extracted from a

single reference image. Following this paradigm, multiple aspects have been

successively explored, ranging from e.g., arbitrary style transfer [63, 57,

120], diversified style transfer [152, 163], attention mechanisms to fuse style

and content [176, 120, 101], reducing artifacts [15, 104, 23, 162], increasing

the content persistence [92, 166], and many others. However, it is tricky

to generalize the description of an abstract style (e.g., “pop art” or “warm

and calm”) from a single reference image. For this reason, a line of work

is based on using a (large) set of reference images of the target style [186,

140, 78, 16]. In contrast, humans can usually understand a style using one

or a few words, thanks to their knowledge and the relation they learned

between words and visual appearance. Massively trained vision-language

models like CLIP [128] now make it possible to emulate this human process,

and text-guided style transfer approaches can avoid collecting a dataset for

each target style, with a simple textual query.

CLIP-Guided Image Synthesis. The CLIP space has been largely

used for image synthesis (e.g., image generation [28, 125, 141] and image

manipulation [123, 7, 171, 24]). However, when using CLIP for a text-

guided style transfer task, a challenging aspect is to preserve the content

while changing the style, since the style textual description usually does

not contain any reference to this content. To solve this problem, Gal et

al. [50] propose a directional loss and fine-tune a StyleGAN [71, 72] pre-

trained using images of a specific domain. CLIPstyler [79] extends this

approach to an open-domain scenario and uses multiple patches. However,

the multi-patch directional loss leads to the generation of textual artifacts
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and “over-specification”, where the latter refers to over-specific visual ar-

tifacts which locally remind of the textual description of the style [79]

(section 4.1). Most of the experiments shown in this paper are based on a

CLIPstyler baseline, and we show that using SpectralCLIP for the direc-

tional loss computation, we can largely alleviate both the visual and textual

artifact problem. Finally, Materzynska et al. [107] analyse the text-image

entanglement problem in the CLIP space, and learn orthogonal projections

(“forget-to-spell” and “learn-to-spell”) of this space to disentangle the two

modalities. We empirically show that using the “forget-to-spell” projection

on a CLIPstyler baseline, we can indeed reduce the textual artifacts. In

contrast, the proposed SpectralCLIP can reduce the generation of both the

visual and the textual artifacts.

4.3 Method

SpectralCLIP is based on computing a text-image similarity using a fre-

quency filter of the CLIP representations. In this section, we first describe

how this filtering is obtained (Sec. 4.3.1), and then we show how it can

be plugged into existing text-based generative approaches (Sec. 4.3.2), and

finally how the band filters are selected (Sec. 4.3.3).

4.3.1 Spectral based filtering

Given an image I, we use the CLIP vision encoder Ev(·) to represent

I with a grid of k × k vectors which either are extracted from the last

convolutional layer of a ResNet [58] or correspond to the final embeddings

of a Vision Transformer [38]. Our method is independent of the specific

encoder architecture and can be applied to both types of networks. In the

experiments of this paper, following [79], we used a ViT-B/32 [38], pre-

trained by the authors of CLIP and then frozen. Since a ViT-based encoder
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Spatial domain
(the outputs of the 

vision encoder of CLIP)

Frequency domain
Whole spectrum Band-stop filtering

image w/ artifacts image w/o artifactscontent

Figure 4.2: An illustration of SpectralCLIP. To transfer a “cartoon” style to the leftmost
content image, CLIPstyler generates many cartoon-like artifacts, spreading over the whole
image (central figure). The corresponding spectral representation is a composition of
frequencies with different periods. Removing the frequencies corresponding to the artifact
scales (SpectralCLIP) prevents the generation of these unwanted artifacts (right figure).

also includes a class token, we get n = 1+k2 vectors, which we flatten into a

sequence: V = Ev(I), where V = {vvv0, ..., vvvi, ..., vvvn−1}. Despite each vvvi ∈ Rd

being a d-dimensional vector, following [147], a spectral representation of

V can be obtained separately considering each dimension j (0 ≤ j ≤ d−1),

which, in our case, corresponds to the j-th channel of the CLIP embedding.

For a given j, if x
(j)
i = vvvi[j] is the j-th component of vvvi, the corresponding

(scalar-valued) sequence X(j) = {x(j)0 , ..., x
(j)
n−1} can be represented in the

frequency domain using, e.g., the DCT-II variant of DCT:

f (j)
m =

n−1∑
i=0

x
(j)
i cos

[πm
n

(i+ 1/2)
]
, (4.1)

where m = 0, ..., n − 1, and f
(j)
m is the coefficient of the m-th frequency

and represents the contribution of the corresponding cosine wave in the
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“signal” discretely sampled by the sequence X(j). Different frequencies

describe different cosine waves, and each frequency period (i.e., the num-

ber of elements of X(j) it takes to complete a full cycle) corresponds to

the scale of the change in the activation of the j-th neuron. Tamkin et

al.[147] observe that, in the natural language processing domain, these

scale changes usually correspond to different structures contained in the

input document: e.g., the single word structure corresponds to the highest

frequencies, while medium-level frequencies correspond to sentences, etc.

Analogously, since, in our domain, artifacts are relatively large-scale visual

structures appearing repeatedly throughout the image (section 4.1), we

separate those frequencies most likely corresponding to the artifacts from

the other frequencies containing useful style information (texture, color,

etc.). To do so, we use a band-stop filter (see fig. 4.2), inspired by periodic

noise removal techniques in spectral-based image processing [55].

Concretely, we stack all the frequencies of all the d channels in a single

d× n matrix F , where the j-th row Fj contains the n DCT coefficients in

eq. (4.1). Then, for each target style, we define a binary filter bbb ∈ {0, 1}n,
which contains zero elements only in specific bands (see section 4.3.3 for

details). We use bbb to zero out those columns in F which should be filtered:

S = F ⊙M [bbb], (4.2)

where ⊙ is the Hadamard product, and M [bbb] is a d × n matrix in which

all the elements are ones except those corresponding to the columns in bbb,

which are zeros.

S is the spectral representation of V , in which frequencies bbb are ignored.

Note that, differently from [147], where the spectrum of each neuron is

individually filtered, in our case bbb is uniformly used for all the d dimen-

sions. This is because an artifact is a complex visual structure, most likely

simultaneously involving different dimensions of the CLIP space. S is fi-
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nally back-projected into the original CLIP space using the inverse DCT

(IDCT), obtaining V̂ = {v̂vv0, ..., v̂vvn−1}. V̂ is a representation of I which can

be used jointly with different metrics (e.g., the Euclidean metric or a cosine

similarity, etc.) to compute a CLIP-based similarity between images or be-

tween images and text which is not influenced by the frequencies in bbb. This

way, we can condition the generation process using a textual sentence (sec-

tion 4.3.2) while simultaneously ignoring those frequencies corresponding

to the artifact generation.

4.3.2 Computing an image-text similarity

In this section, we show how the proposed spectral-based filtering of an

image representation (section 4.3.1) can be used to condition a generative

process and plugged into existing text-conditioned generative frameworks

with negligible modifications of the original approaches. In our experi-

ments, we use both CLIPstyler [79] (a state-of-the-art text-guided style

transfer method, see sections 4.1 and 4.2) and the VQGAN+CLIP method

[28] adopted in [107].

VQGAN+CLIP [28] is a text-to-image generation approach based on

VQGAN discrete latent codes [42]. The latter are randomly sampled and

then optimized using the cosine similarity between the CLIP embedding of

the generated image (zzzv) and the CLIP embedding of a textual prompt (zzzt).

The only thing we need to change to use SpectralCLIP in this framework

is the image representation. To do so, we use zzzv = v̂vv0, where v̂vv0 is the

representation of the class token in V̂ (section 4.3.1). Note that v̂vv0 ̸= vvv0

because the frequencies in bbb have been removed. Other possible choices

can be, e.g., using an average pooling of V̂ or a linear projection of the

concatenation of all the elements of V̂ into a vector of the same dimensions

as zzzt. Following [28] we use the class token which is a simple and effective

solution.
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band Frequency index Period (tokens)

b1 0-1 25-∞
b2 2-3 7-25
b3 4-7 4-7
b4 8-15 2-4
b5 16-49 1-2

Table 4.1: Correspondences between the bands, frequency indexes and period (tokens).
The corresponding periods are approximate numbers of tokens that are needed to complete
a cosine wave cycle.

CLIPstyler [79] is based on a U-Net generator [138] which, given a

content image Ic as input, generates a style-transferred image Is. To con-

dition the generation process on a style textual description s (where s is a

natural language sentence), the embedding of s, obtained using the textual

CLIP encoder, is compared with the textual embedding of a fixed sentence

(“Photo”). The difference between these two textual embeddings should

have the same direction of the difference between the visual embedding of

Ic and Is. This directional CLIP loss, initially proposed in [50], is further

developed in CLIPstyler by introducing patch-level comparisons. We adopt

exactly the same framework, and the only necessary change to use Spec-

tralCLIP in CLIPstyler is to replace the standard CLIP visual embedding

of an image (or an image patch) with our filtered representation. Since in

CLIPstyler an image/image patch is represented using the class token, we

analogously use the class token extracted from V̂ (i.e., zzzv = v̂vv0).

4.3.3 Band selection

So far we have assumed that we can associate a frequency filter bbb to a

given textual description of a style (in CLIPstyler) or to a textual prompt

(in VQGAN+CLIP). However, since selecting the best bbb ∈ {0, 1}n would

be intractable, we adopt a simpler solution, inspired by [147], where the

whole spectrum of frequencies (0, ..., n − 1) is split in fixed bands, each
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CLIP             SpectralCLIPcontent

“fauvism”“outsider art” “digital art”

CLIP             SpectralCLIP CLIP             SpectralCLIP

Figure 4.3: Style transfer results using either the CLIP or SpectralCLIP to condition the
generation. SpectralCLIP effectively prevents artifact generation while achieving similar
style features, e.g., color, paint stroke (artifacts are highlighted).

being a contiguous interval of frequencies. Note that each index m of the

DCT has a frequency of 2m (see eq. (4.1)), and that given a sequence of

length N , the period is N/2m (it takes N/2m tokens to complete a cycle).

For example, in our case where ViT-B/32 is used as the vision encoder,

the sequence length is N = (224/32)2 + 1 = 50. Therefore, index 1 of

the DCT corresponds to the period of 25, and index 5 to the period of 5,

etc. Specifically, we define the following 5 bands: b1 = [0, 1], b2 = [2, 3],

b3 = [4, 7], b4 = [8, 15], b5 = [16, 49]. The correspondence between these

frequency bands and periods is presented in table 4.1. In ViT-B/32, the

input image is first resized to the resolution of 2242, and then divided into

7 × 7 image patches of 322. In this sense, it can be estimated that b1

relates to artifacts that roughly span more than 3 lines of patches, b2 to

those spanning 2 lines, and b3−b5 to small artifacts spanning within 1 line.

Another problem is that, given a style description, the artifact condition

is unpredictable. Specifically, it is difficult to judge if the stylized image

contains artifacts or not, as well as to detect the artifact appearance. Nev-
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(a)																								(b)																							(c)content

“pop	art” “cartoon”

(a)																								(b)																							(c)

Figure 4.4: Comparisons among text-guided style transfer results, generated using CLIP-
styler with (a) CLIP, (b) forget-to-spell CLIP [107], and (c) SpectralCLIP, respectively
(artifacts are highlighted).

ertheless, through experiments on various styles, we find the artifacts are

usually at three scales. Therefore, we propose a simple yet effective method

based on empirical studies. Through experimenting on multiple band com-

binations, we find three filtering strategies (c1 = {b1, b2, b4}, c2 = {b1, b2},
c3 = {b1}) that are effective for preventing the artifacts at the correspond-

ing three scales, respectively. For instance, using c1, the associated filter bbb

contains ones in the intervals b1, b2, b4, and it is used in eq. (4.2) to zero out

the corresponding bands. We use visual inspection to select the band com-

bination that leads to the best result, then it is used in all image stylisation

conditioned on s. This selection step is done only once per given style s

using a single image content. More discussions are in Sec. section 4.5.1.

4.4 Experiments

4.4.1 Style Transfer Results

In this section, we evaluate SpectralCLIP in a text-guided style transfer

task. For a fair comparison with CLIPstyler[79], we use its same network,

loss functions, training protocols, hyperparameters, etc., changing only the
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basic image-text similarity as described in section 4.3.2.

Qualitative results. In fig. 4.1 and fig. 4.3, we show multiple text-guided

style transfer results generated using either the standard CLIP space (i.e.,

the original CLIPstyler method) or our SpectralCLIP. These images show

that CLIPstyler frequently generates visual and textual artifacts. By con-

trast, the results generated using SpectralCLIP do not have the issues of

both visual artifacts and textual artifacts while the styles are presented

well. Take our results of “outsider art” (fig. 4.3) for example, the style

shown in the images is similar to the style in the results of CLIPstyler, but

with artifacts excluded.

Quantitative results. Quantitatively evaluating a style-transfer ap-

proach is difficult because of the lack of a universally accepted metric that

can assess the reflection of a target style in a generated image. On the other

hand, using a cosine similarity between the CLIP-based representations of

the target style and the generated image may favour those methods (such

as CLIPstyler) which use the same similarity in the optimization stage.

To partially solve this problem, we use an additional metric, based on the

“learn-to-spell” projection of the CLIP space proposed (and trained) in

[107] (section 4.2). The idea behind this metric is that since part of the

artifacts have a textual nature (i.e., strings drawn on the generated im-

ages, sections 4.1 and 4.2), then a learn-to-spell based similarity between

a generated image and the corresponding textual description of the style

should be higher for those images containing more textual artifacts.

To explain further, Materzynska et al. [107] analyse the entanglement

problem of written texts and visual concepts in the CLIP space, and learn

two orthogonal projections, i.e., “forget-to-spell” and “learn-to-spell”, the

former is for recognizing visual concepts while the latter is for recognizing

written text. Specifically, in this paper, we use the “learn-to-spell” pro-

jection to measure the textual artifact condition in the generated stylized
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CLIPstyler
w. CLIP

CLIPstyler w.
SpectralCLIP

cartoon
CLIP 0.269 ±0.014 0.256 ±0.014

CLIP-Spell 0.482 ±0.056 0.441 ±0.066

pop art
CLIP 0.315 ±0.023 0.287 ±0.018

CLIP-Spell 0.419 ±0.137 0.353 ±0.121

visionary
art

CLIP 0.322 ±0.016 0.278 ±0.018

CLIP-Spell 0.527 ±0.086 0.397 ±0.057

outsider
art

CLIP 0.314 ±0.018 0.255 ±0.019

CLIP-Spell 0.571 ±0.108 0.360 ±0.095

Table 4.2: Average cosine similarity between the stylized images and the textual descrip-
tion of the style, measured both on the original CLIP space (↑) and on the learn-to-spell
CLIP (in short referred to as CLIP-Spell) (↓).

image, as the more the image contains textual artifacts, the higher the

similarity between the image and the textual description of style using the

“learn-to-spell” projection (as in Tab. 4.2 and Fig. 4.12).

Concretely, we sample 100 images from the COCO [97] val-set and use

them as content images. Then, for each style, we generate the style transfer

results using either SpectralCLIP or CLIPstyler. Finally, we use both the

original CLIP space and learn-to-spell CLIP projection [107] to evaluate the

similarity between the textual style description and the generated images.

table 4.2 shows that using SpectralCLIP, the learn-to-spell CLIP score

is significantly reduced, indicating that SpectralCLIP effectively prevents

textual artifact generation. On the other hand, the CLIP similarity is

also reduced; however, as aforementioned, this metric is biased towards

CLIPstyler, where the whole, non-filtered CLIP image representation is

used for optimization.

4.4.2 Comparison with Forget-to-Spell CLIP

In this section, we compare SpectralCLIP with “forget-to-spell”

CLIP [107], which is a learned subspace of CLIP semantic space that alle-
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(%)
w.

CLIP
w.

forget-to-spell
w.

SpectralCLIP

Overall 34.44 10.28 55.28
Artifact-Free 19.45 6.11 74.44

Table 4.3: User preference of the three style transfer methods with respect to the overall
quality of the generated images (↑) and the presence of artifacts (↑).

viates the text-image entanglement problem (section 4.1). Specifically, we

again use CLIPstyler as the baseline and we replace its (standard) CLIP

space with the forget-to-spell projection proposed and trained in [107].

Hence, we compare three methods: (a) CLIPstyler with CLIP (i.e., the

original CLIPstyler), (b) CLIPstyler with the forget-to-spell CLIP, and (c)

CLIPstyler with SpectralCLIP.

Qualitative results. From the qualitative results shown in fig. 4.4, we

draw three conclusions: 1) the images generated by the original CLIPstyler

contain both visual and textual artifacts; 2) using the forget-to-spell CLIP

alleviates the textual artifact issue, but it still generates visual artifacts,

which makes the results unlike human created artworks; and 3) similar

to the analysis in section 4.4.1, using SpectralCLIP, no visual nor textual

artifacts have been generated, improving the overall quality of the results.

User Study. We further compare the three methods through a user study.

Specifically, we use 10 styles jointly with two different tasks which respec-

tively analyse: 1) the overall quality of the generated images, asking the

users to assess whether the stylized results are consistent with the target

style, the content is well preserved, and no inharmonious artifacts are gen-

erated; and 2) the specific artifact issue, asking the users to assess the gen-

erated images regarding the possible presence of visual/textual artifacts.

We randomly sampled 100 content images from the COCO val-set and then

created a questionnaire with 24 questions. We recruited 30 users, who were

asked to select one out of the three methods for each content image. The
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18/11/2022, 18:47 未命名的表单

https://docs.google.com/forms/d/e/1FAIpQLSd5k5ny8GobTlXvDWz3gObXvq8J4Zv1sLlGbeh2e_cM6QLocw/viewform 2/4

a

b

c

Please select the best stylized image considering: (i) how much it reflects the
cartoon style, (ii) how much it preserves the content of the content image, (iii) how
much it is clean (i.e., it does not contain textual or visual artefacts)

(a)

18/11/2022, 18:45 未命名的表单

https://docs.google.com/forms/d/e/1FAIpQLSd5k5ny8GobTlXvDWz3gObXvq8J4Zv1sLlGbeh2e_cM6QLocw/viewform 3/4

a

b

c

Please select the best stylized image considering: (i) how much it preserves
content and (ii) how much it is clean (i.e. it does not contain textual or visual
artefacts).


(b)

Figure 4.5: The SpectralCLIP user study questions used to evaluate two tasks: (a) the
overall image quality, and (b) the possible appearance of artifacts.

user preference results, as reported in table 4.3, show that SpectralCLIP

gets the best scores on both tasks. Specifically, SpectralCLIP achieves a

significantly higher preference score (77.44%) in the artifact-free evalua-

tion, indicating the effectiveness of our proposal in preventing artifacts.

In details, we asked 30 participants to answer 24 questions, split in two

tasks (12 questions per task), respectively evaluating the overall quality

of the generated images and the possible appearance of artifacts. fig. 4.5

shows an example of the both tasks. Since evaluating the overall quality of

a style-transfer task requires the participants to consider whether the styl-

ized results reflect target style, for the first task we selected 4 better-known

styles (i.e., “pop art”, “cartoon”, “fauvism” and “Giorgio Morandi”). For

the second task (artifact evaluation), we used the other 6 styles (“low-

brow”, “outsider art”, “visionary art”, “harlem renaissance”, “neon art”

and “digital art”). For each style, we randomly sampled 10 images from the
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CLIPstylercontent Ours CLIPstyler Ours

“outsider	art” “neon	art”

CLIPstylercontent Ours CLIPstyler Ours

“visionary	art” “Giorgio	Morandi”

𝜏 = 0.7 𝜏	 = 0.0 𝜏	 = 0.7 𝜏	 = 0.0 𝜏	 = 0.7 𝜏	 = 0.0 𝜏	 = 0.7 𝜏	 = 0.0

𝜏	 = 0.7 𝜏	 = 0.0 𝜏	 = 0.7 𝜏	 = 0.0 𝜏	 = 0.7 𝜏	 = 0.0 𝜏	 = 0.7 𝜏	 = 0.0

Figure 4.6: The effect of the patch-rejection threshold τ in the CLIPstyler patch-loss
(artifacts are highlighted, zoom in to see details).

COCO val-set and used them as content images to generate the stylized

images with the three methods. Thus, we obtain 100 groups of stylized

results in total (each composed of 3 images generated by the 3 compared

methods, e.g., see fig. 4.5). For the first task, we equally sampled 3 groups

of stylzied results for each style, obtaining 12 questions. For the second

task, we randomly sampled 12 groups of images without considering the

style. We used Google Forms as the platform.

4.4.3 Hyperparameter Study

Threshold in the patch loss. CLIPstyler uses a patch-rejection thresh-

old τ in its patch loss to alleviate the over-specification problem (sec-

tion 4.2). The value of this threshold is a (manually selected) hyperparam-

eter, which is fixed to τ = 0.7 in [79]. In fig. 4.6 we compare the use of this

threshold (τ = 0.7) with a non-thresholding variant (τ = 0.0). The results

73



4.4. EXPERIMENTS CHAPTER 4. SPECTRALCLIP

content (i) (ii)

(iii) (iv) (v)

Figure 4.7: The effects of different band-stop filters (artifacts are highlighted).

show that the original CLIPstyler is heavily influenced by the thresholding,

since its removal (τ = 0.0) leads to the generation of many more artifacts,

independently of the target style. By contrast, SpectralCLIP is much less

sensitive to this thresholding, since the results using τ = 0.0 are consistent

with the images generated with τ = 0.7, showing that our method does

not rely on this thresholding step to avoid over-specification.

Band selection.

We study the effect of the band selection (section 4.3.3) using the style

“visionary art” (fig. 4.7), jointly with five different filters: (i) masking

bands 1, 2 and 4 (corresponding to c1 in section 4.3.3); (ii) masking bands

1, 2 and 5; (iii) masking bands 1 and 2 (c2 in section 4.3.3); (iv) masking

bands 1 (c3 in section 4.3.3); and (v) only masking the lowest frequency

(i.e., the frequency index m = 0). fig. 4.7 shows that the visual appear-

ance change caused by higher frequencies tends to be more local, as can

be observed by comparing (i) with (ii), and (ii) with (iii). For instance,

comparing (i) with (ii), the former filter leads to greater visual appear-

ance changes within a larger region. Moreover, the differences between (ii)
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and (iii) are marginal, indicating that band 5 (which includes the high-

est frequencies) is related to changes in smaller areas. Furthermore, lower

frequencies result in the generation of larger artifacts, as shown by the

comparison between (iii) and (iv), and between (iv) and (v). For example,

not masking band 2 leads to the generation of larger and more obvious

artifacts on the eyes. A similar phenomenon can be observed when we

additionally do not mask the frequency with index 1 (see (iv) and (v)).

These results confirm our assumption (section 4.1) that most artifacts are

visual structures with a specific period, whose generation can be prevented

by adopting the proposed spectral representation and the corresponding

frequency filters.

4.4.4 Text-to-Image Generation

To test the generality of SpectralCLIP, we consider a different task,

adopting the text-to-image generation framework used in [107] to eval-

uate the word-image disentanglement of forget-to-spell and learn-to-

spell (sections 4.1 and 4.4.2). Specifically, following [107], we use VQ-

GAN+CLIP [28] and we replace its text-image similarity computed on

the original CLIP space with SpectralCLIP. fig. 4.8 compares the results

obtained with VQGAN+CLIP and VQGAN+SpectralCLIP, and confirms

the observations of Materzynska et al. [107], who highlight that VQ-

GAN+CLIP frequently generates inappropriate textual strings (textual ar-

tifacts) mixed with visual content. By contrast, this problem is largely alle-

viated with SpectralCLIP. Meanwhile, the generated image content in VQ-

GAN+SpectralCLIP is still consistent with the given text prompt (except

for the nonsense text input “irmin”). In all the VQGAN+SpectralCLIP

results shown in fig. 4.8, we use the same filtering strategy (masking only

band 4, i.e., b4, see section 4.3.3). Note that the scale of a textual/visual

artifact depends on the CLIP encoder input, which is the full image in
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(a) (b)

“pop art”

“time”

“irmin”

“equal”

text input

Figure 4.8: Text-to-image generation results using (a) VQGAN+CLIP, and (b) VQ-
GAN+SpectralCLIP.

the case of VQGAN, and this results in a shorter period with respect to

CLIPstyler.

4.5 Discussions and Conclusion

4.5.1 Discussions

As mentioned in section 4.3.3, for each target style we select one of the three

band combinations c1, c2 or c3, and then we use the corresponding filter
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!" !# !$

Figure 4.9: Different styles result in artifacts at different scales which are tricky to predict.

for all the images translation of that style. Note that this is a negligible

operation if compared, e.g., to the collection of a set of reference images

used to train a style-specific generator [140, 186, 78]. Moreover, there are

two underlying reasons: 1) given a style description, the artifact condition

is unpredictable. To be specific, it is difficult to judge if the stylized image

contains artifact or not, as well as to detect the artifact appearance; 2) the

artifact scales are of limited variable ranges.

Hence, we propose SpectralCLIP, a simple yet effective method based on

empirical studies. Through experimenting on multiple band combinations,

we find three filtering strategies (c1 = {b1, b2, b4}, c2 = {b1, b2}, c3 = {b1})
that are effective for preventing the artifacts at the corresponding three

scales (as shown in Fig. 4.9) (and through experiments on various styles,

we find the artifacts are usually of one of the three scales). To prevent

artifacts of larger scales, more frequency bands should be masked. The

bands are defined according to the scales of the artifacts, i.e., the length

of the dependant visual tokens in the CLIP-ViT scenario.

In the leftmost column of fig. 4.11, we show the stylized results of CLIP-

styler corresponding to three different style descriptions (“outsider art”,

“cartoon” and “digital art”). In all cases, CLIPstyler generates a lot of ar-
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CLIPstyler SpectralCLIP w/ !"

“outsider art”

“cartoon”

“digital art”

CLIPstyler SpectralCLIP w/ !#

CLIPstyler SpectralCLIP w/ !$

Figure 4.10: By CLIPstyler, different styles lead to different types of artifacts. Therefore,
in SpectralCLIP, we filter different band combinations (indicated on the bottom).

tifacts. Additionally, the corresponding scales vary from style to style. A

simple comparison can be seen in Fig. 4.9. As mentioned in section 4.3.3, in

order to select the most suitable filter for each style, we use a single content

image per style and we generate stylized images using our SpectralCLIP

and one among c1, c2 and c3. Correspondingly, we give an illustration in

fig. 4.11, where we show the results obtained using SpectralCLIP with one

filtering band combination among c1, c2 or c3. For “outsider art”, c1 is

the best band combination, while c2 is the best for “cartoon”, and c3 for

“digital art”.

In addition, since we can use the CLIP/forget-to-spell CLIP to generate

stylized images with/without text artifacts and use learn-to-spell CLIP to

measure the text artifact presence, we did a spectral analysis to find further

support for our work. Specifically, We first collect 100 images with/without

artifacts using CLIP/forget-to-spell CLIP, respectively. Then, we individ-
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SpectralCLIP w/ !" SpectralCLIP w/ #$ SpectralCLIP w/ #%CLIPstyler

(a) “outsider art”

SpectralCLIP w/ !" SpectralCLIP w/ #$ SpectralCLIP w/ !%CLIPstyler

(b) “cartoon”

SpectralCLIP w/ !" SpectralCLIP w/ !# SpectralCLIP w/ $%CLIPstyler

(c) “digital art”

Figure 4.11: Leftmost column: images generated using CLIPstyler and three different
styles. All the other columns show the results obtained using SpectralCLIP and one
among c1, c2 or c3 as the filter. In case of “outsider art”, c1 is the best band combination,
while c2 is the best for “cartoon”, and c3 for “digital art”.

ually mask each frequency at one time and use the filtered CLIP repre-

sentation to compute the cosine similarity using learn-to-spell CLIP (the

computations are based on patches as in CLIPstyler).

As shown in Fig. 4.12, masking frequency 0 and 1 significantly reduces

the learn-to-spell CLIP similarity scores of the images containing textual

artifacts, indicating that those frequencies are related to text artifacts (e.g.,
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masked frequency index

Figure 4.12: Spectral analysis w.r.t. textual artifacts.

Band combination Style

c1

Lowbrow
Outsider art
Visionary art

Rosy-color oil painting
Makoto Shinkai

c2

Pop art
Cartoon

Giorgio Morandi
Harlem renaissance

Neon art
Contemporary art
Francoise Nielly

c3
Fauvism
Digital art

Table 4.4: Band combination used for each style.

in Fig. 4.9, masking c3 is useful to prevent the generation of text artifacts).

In table 4.4, we provide the band combination we used for each of the

styles presented in this paper.
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4.5.2 Limitations

Despite the promising results of SpectralCLIP, there are still some lim-

itations. Firstly, we empirically analyse the artifact patterns present in

a range of artistic styles, and mask out certain bands using one of the

three general filters. The reason why a certain target style tends to pro-

duce different scales of artifacts is still unclear. This may require a deeper

understanding of how CLIP captures these artistic concepts when it was

pre-trained. Secondly, this work defines three general band combinations

that effectively produce cleaner stylised images. A more promising alter-

native for future work is to automatically select frequency bands that cater

to a target style. Recently, in the language domain, Müller-Eberstein et

al.[109] promote [147] and develop learnable filters rather than handcrafted

ones, offering an intriguing direction to follow. To this end, for image style

transfer, a widely recognised metric to measure the presence of artifacts is

still missing.

4.5.3 Conclusion

Despite the wide success of vision-language foundation models like CLIP

in different vision-language tasks, directly using CLIP for style transfer

suffers from the generation of visual and textual artifacts. To resolve this

problem, we propose SpectralCLIP, which transforms the CLIP embedding

sequence into the frequency domain and filters those frequencies whose pe-

riod corresponds to the artifact scales. Experimental style transfer results

show that SpectralCLIP significantly mitigates artifact generation, thus

improving the realistic degree and the quality of the generated images.

This chapter addressed the emergence of artifacts in CLIP-guided gen-

eration by introducing a spectral filtering approach to disentangle visual

semantics from textual noise. Together with the preceding chapters, it
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highlights how language, while powerful, requires careful modeling and

interpretation across multiple aspects of the generative process—from con-

trollability and abstraction to robustness. In the next, we conclude the

thesis by summarizing these insights and outlining promising directions

for future work.
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Conclusion and Future Work

This thesis has investigated the use of natural language as a high-level inter-

face for controllable image generation, focusing on key challenges in preci-

sion, abstraction, and robustness. While recent vision-language foundation

models such as CLIP and DALL·E have greatly expanded the possibilities

of multimodal synthesis, treating language as a precise and interpretable

control mechanism remains an open problem.

To address this, we introduced three complementary approaches. First,

we proposed Predict, Prevent, and Evaluate (PPE), a framework for disen-

tangled image manipulation that anticipates and regularizes semantic en-

tanglements based on CLIP-informed attribute co-occurrence. Second, we

presented StylerDALLE, a language-supervised style transfer model that

operates in the discrete latent space of a generative tokenizer, enabling

abstract style control while preserving semantic content. Third, we de-

veloped SpectralCLIP, a frequency-aware filtering method that mitigates

visual and textual artifacts in CLIP-guided generation by attenuating dis-

ruptive patterns in the embedding space. Together, these contributions

demonstrate that language, when appropriately modeled and guided, can

offer fine-grained, flexible control over the generative process.

Despite these advances, several limitations remain. Our methods rely
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heavily on CLIP as a semantic backbone, inheriting its biases and lim-

itations in attribute grounding and linguistic granularity. The discrete

token-based generation in StylerDALLE, while efficient and flexible, may

limit fine-detail control compared to pixel-space or diffusion-based meth-

ods. Moreover, the spectral properties of vision-language models are still

underexplored, and the interpretation of frequency components remains

largely empirical.

These observations open several directions for future work. One promis-

ing path is to generalize our frameworks to richer domains such as

video generation [61, 9, 119], 3D synthesis [100, 126, 95, 20] or world

model [11, 115]. Another opportunity lies in extending our methods be-

yond their current scope—for example, while StylerDALLE is currently de-

signed for vector-quantized image generation models, it could be adapted

to operate on continuous latent spaces, thereby broadening its applicabil-

ity to diffusion-based architectures [89]. Another is to deepen the theo-

retical understanding of multimodal embedding spaces through spectral

or geometric analysis. Extending these methods beyond CLIP—towards

open-vocabulary vision-language models or instruction-tuned transform-

ers—could also enhance generalization and reduce reliance on specific pre-

trained backbones. Finally, as language becomes a more powerful gen-

erative interface, issues of safety, misuse, and social impact must be ad-

dressed, particularly in applications involving identity, realism, or misin-

formation [10, 13, 111].

In summary, this thesis highlights both the promise and complexity of

using language as a true interface for visual generation. By bridging lin-

guistic intent and visual synthesis through structured, interpretable mech-

anisms, we hope to contribute to a broader vision of human-centric, con-

trollable, and trustworthy generative systems.
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Ghosh, Amélie Héliou, Paul Jacob, Albert Q. Jiang, Kartik Khan-

delwal, Timothée Lacroix, Guillaume Lample, Diego Las Casas,

Thibaut Lavril, Teven Le Scao, Andy Lo, William Marshall, Louis

Martin, Arthur Mensch, Pavankumar Muddireddy, Valera Nemy-

chnikova, Marie Pellat, Patrick Von Platen, Nikhil Raghuraman,

Baptiste Rozière, Alexandre Sablayrolles, Lucile Saulnier, Romain

Sauvestre, Wendy Shang, Roman Soletskyi, Lawrence Stewart, Pierre

Stock, Joachim Studnia, Sandeep Subramanian, Sagar Vaze, Thomas

Wang, and Sophia Yang. Pixtral 12b, 2024.

[3] Yuval Alaluf, Or Patashnik, and Daniel Cohen-Or. Only a matter

of style: Age transformation using a style-based regression model.

ACM Trans. Graph., 40(4), 2021.

[4] Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech,

Iain Barr, Yana Hasson, Karel Lenc, Arthur Mensch, Katherine Mil-

87



BIBLIOGRAPHY BIBLIOGRAPHY

lican, Malcolm Reynolds, et al. Flamingo: a visual language model

for few-shot learning. Advances in neural information processing sys-

tems, 35:23716–23736, 2022.

[5] Anthropic. Claude: An ai assistant by anthropic. https://www.

anthropic.com/index/introducing-claude, 2023.

[6] Omer Bar-Tal, Dolev Ofri-Amar, Rafail Fridman, Yoni Kasten, and

Tali Dekel. Text2live: Text-driven layered image and video editing.

In European conference on computer vision, pages 707–723. Springer,

2022.

[7] David Bau, Alex Andonian, Audrey Cui, YeonHwan Park, Ali Ja-

hanian, Aude Oliva, and Antonio Torralba. Paint by word. arXiv

preprint arXiv:2103.10951, 2021.

[8] Fengxiang Bie, Yibo Yang, Zhongzhu Zhou, Adam Ghanem, Minjia

Zhang, Zhewei Yao, Xiaoxia Wu, Connor Holmes, Pareesa Golnari,

David A Clifton, et al. Renaissance: A survey into ai text-to-image

generation in the era of large model. IEEE transactions on pattern

analysis and machine intelligence, 2024.

[9] Andreas Blattmann, Tim Dockhorn, Sumith Kulal, Daniel Mendele-

vitch, Maciej Kilian, Dominik Lorenz, Yam Levi, Zion English,

Vikram Voleti, Adam Letts, et al. Stable video diffusion: Scal-

ing latent video diffusion models to large datasets. arXiv preprint

arXiv:2311.15127, 2023.

[10] Rishi Bommasani, Drew A. Hudson, Ehsan Adeli, Russ Altman,

Simran Arora, Sydney von Arx, Michael S. Bernstein, Jeannette

Bohg, Antoine Bosselut, Emma Brunskill, Erik Brynjolfsson, Shya-

mal Buch, Dallas Card, Rodrigo Castellon, Niladri Chatterji, An-

nie Chen, Kathleen Creel, Jared Quincy Davis, Dora Demszky,

88

https://www.anthropic.com/index/introducing-claude
https://www.anthropic.com/index/introducing-claude


BIBLIOGRAPHY BIBLIOGRAPHY

Chris Donahue, Moussa Doumbouya, Esin Durmus, Stefano Er-

mon, John Etchemendy, Kawin Ethayarajh, Li Fei-Fei, Chelsea

Finn, Trevor Gale, Lauren Gillespie, Karan Goel, Noah Good-

man, Shelby Grossman, Neel Guha, Tatsunori Hashimoto, Peter

Henderson, John Hewitt, Daniel E. Ho, Jenny Hong, Kyle Hsu,

Jing Huang, Thomas Icard, Saahil Jain, Dan Jurafsky, Pratyusha

Kalluri, Siddharth Karamcheti, Geoff Keeling, Fereshte Khani, Omar

Khattab, Pang Wei Koh, Mark Krass, Ranjay Krishna, Rohith

Kuditipudi, Ananya Kumar, Faisal Ladhak, Mina Lee, Tony Lee,

Jure Leskovec, Isabelle Levent, Xiang Lisa Li, Xuechen Li, Tengyu

Ma, Ali Malik, Christopher D. Manning, Suvir Mirchandani, Eric

Mitchell, Zanele Munyikwa, Suraj Nair, Avanika Narayan, Deepak

Narayanan, Ben Newman, Allen Nie, Juan Carlos Niebles, Hamed

Nilforoshan, Julian Nyarko, Giray Ogut, Laurel Orr, Isabel Papadim-

itriou, Joon Sung Park, Chris Piech, Eva Portelance, Christopher

Potts, Aditi Raghunathan, Rob Reich, Hongyu Ren, Frieda Rong,

Yusuf Roohani, Camilo Ruiz, Jack Ryan, Christopher Ré, Dorsa
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