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Figure 1: Our proposed framework MMFS generates high-quality stylized faces with diverse styles (the top row) and can be applied to both

one-shot and zero-shot stylization tasks (the third and fourth rows).

Abstract

In this work, we introduce a new approach for face stylization. Despite existing methods achieving impressive results in this task,
there is still room for improvement in generating high-quality artistic faces with diverse styles and accurate facial reconstruction.
Our proposed framework, MMFS, supports multi-modal face stylization by leveraging the strengths of StyleGAN and integrates
it into an encoder-decoder architecture. Specifically, we use the mid-resolution and high-resolution layers of StyleGAN as the
decoder to generate high-quality faces, while aligning its low-resolution layer with the encoder to extract and preserve input
facial details. We also introduce a two-stage training strategy, where we train the encoder in the first stage to align the feature
maps with StyleGAN and enable a faithful reconstruction of input faces. In the second stage, the entire network is fine-tuned
with artistic data for stylized face generation. To enable the fine-tuned model to be applied in zero-shot and one-shot stylization
tasks, we train an additional mapping network from the large-scale Contrastive-Language-Image-Pre-training (CLIP) space to a
latent w+ space of fine-tuned StyleGAN. Qualitative and quantitative experiments show that our framework achieves superior
performance in both one-shot and zero-shot face stylization tasks, outperforming state-of-the-art methods by a large margin.

CCS Concepts
» Computing methodologies — Image processing;

1. Introduction

Artistic face stylization has been a popular research topic during
the past few years, especially in the fields of computer graphics,
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computer vision, and machine learning [HYH*21,YNS19,YLLR19].
Given a facial image, artistic stylization methods aim to auto-
matically transform it into a stylized version that is consistent
with the input content but in a particular style. It can be used
to create captivating visuals for various purposes, such as in the
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entertainment industry, social media, and virtual reality [ALZ*23,
Jam18,RBL*22].

However, achieving high-quality face stylization is a challenging
task due to the complexity of facial structure and humans’ perceptual
sensitivity to subtle artifacts in the output. Compared to general
image-to-image style transfer tasks, the prior knowledge humans
have about facial features poses a significant challenge in preserving
the original facial structure while applying the stylization process.
Moreover, various downstream application scenarios can further
complicate the stylization process, including situations where one
model needs to support multiple styles, only a reference style image
is given, or even just a simple textual description of the desired style
is provided [CUYH20,KY22, LLYW18].

In this study, we aim to address the above challenges in generating
diverse stylized faces and offer a unified framework called Multi-
Modal Face Stylization (MMEFES). MMEFS allows for the generation
of diverse stylized faces and provides control over the stylization
process via either a single reference image or textual description.
Our approach is based on three key observations. First, with
the advancements in generative models, it is now possible to
generate realistic and diverse human faces with fine-grained details
using methods such as StyleGAN [KLA19, KLA*20]. We can
leverage this generative prior as a strong basis for faithful face
reconstruction during stylization. Second, we can improve this
generative prior by fine-tuning it with large artistic face datasets
such as AAHQ [LLQ™*21], which enables us to support various
styles using a single model. The architecture of StyleGAN2 also
enables us to disentangle the latent space with respect to semantic
attributes, enabling us to control the face content and style separately.
Finally, we can leverage the semantic power of CLIP models, which
allows us to align textual descriptions with the style latent space and
enables us to support cross-domain guided stylization.

In light of these observations, we propose an encoder-decoder
based architecture with a two-stage training strategy for our MMFS
framework. Specifically, the core of MMFS is a StyleGAN-like
generator, which is trained to accurately reconstruct realistic input
faces in the first stage. Unlike previous methods that use w or w+
space for face reconstruction [AQW19, KLA*20], we propose to
align the low-resolution layer of StyleGAN2 with a convolution
based encoder. Compared with direct projection of the input image
into a low-dimensional latent space, a convolution-based encoder
preserves fine details in input facial images and results in better
reconstructions. In practice, we use a pre-trained StyleGAN?2 as our
generative prior and fix its weights, while training the encoder to
predict the layer at the 32 x 32 resolution in a self-reconstruction
manner. Such architecture allows us to leverage the fine-grained
details of StyleGAN2 while also preserving important features of
the input image. In the second stage, we further fine-tune the entire
network with artistic data for stylized face generation. The encoder
is trained for style-free semantic and structural feature extraction
and the decoder is trained to generate a stylized face from these
structural features together with a latent style vector sampled from
the latent w space of StyleGAN2. Our design also naturally enables
the disentanglement of content and style which can be controlled by
the encoder and the decoder separately.

After the two-stage training, we obtain a face stylization frame-

work that can transform a real face image into a randomly stylized
version. To make the framework controllable for downstream tasks,
we train an additional network to bridge the input image or textual
guidance to the latent style vector. Specifically, we leverage the
pre-trained CLIP model and adopt a four-layer transformer to map
its space and the latent style space. Similar to the first stage, this
mapping network can be trained using a self-reconstruction strategy,
where random samples are generated for CLIP-w paired learning.
Importantly, since the image and text are aligned in the CLIP feature
space, the learned mapping network can be trained with images only
but support textual guidance as well.

We conduct experiments to evaluate the effectiveness of MMFS
in both one-shot and zero-shot stylization tasks. Our results demon-
strate that MMES is capable of generating high-quality stylized
faces while preserving fine-grained details, as shown in Figure 1.

To summarize, our contributions are as follows:

e We propose MMES, a novel framework which utilizes StyleGAN2
as a generative prior and integrate it into an encoder-decoder
architecture. A two-stage training strategy is further designed to
train MMFS for high-quality stylized face generation with diverse
style support.

e MMES is a flexible framework that can be adapted to various
downstream tasks, including one-shot and zero-shot stylization.
We also introduce a novel loss for better style preservation in
one-shot stylizaton.

o Our experimental results demonstrate that MMFS generates better
output than existing methods qualitatively and achieves state-of-
the-art performance quantitatively.

2. Related Work

Face generative model. Recent StyleGAN methods [KLA19,
KLA*20] have substantially improved face generation benchmarks.
To accurately reconstruct and manipulate images of real faces,
optimized-based GAN inversion methods [AQW19, AQW20] pro-
pose several constraint functions to obtain the latent directly. For
example, 112S [ZAQ™*20] introduces a Py space to find the trade-off
point of diversity and quality. However, inversion based methods
are typically time-consuming. As a result, a series of encoder-based
approaches are widely used to achieve fidelity and editability of
synthetic portraits efficiently. pSp [RAP*21] and ed4e [TAN*21]
adopt a well-designed pretrained encoder network to map portrait
images into the latent space. ReStyle [APCO21] utilizes iterative
refinement to gradually modify the latent space vector via the
residual-based encoder.

These inversion techniques have also been introduced for artistic
face generation. Toonify [PA20] uses a layer swapping scheme to
interpolate between real photos and cartoon images, which preserves
the texture characteristic of the style and the structural fidelity of the
photo. StyleCariGAN [JJJ*21] achieves caricature generation using
shape exaggeration blocks to modulate StyleGAN?2 feature maps.
AniGAN [LZW™21] designs special fusion blocks and a double-
branch discriminator to learn domain-specific and domain-shared
information. AgileGAN [SLL*21] proposes a hierarchical VAE to
encode the content into the z+ space to ensure consistency with the
prior distribution. However, these methods only transmit spatially
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Figure 2: Overview of our framework. Left: The proposed MMFS involves a two-stage training strategy, where Stage I trains an encoder to
align with StyleGAN2 and to preserve fine-grained facial details, and Stage Il fine-tunes the entire network for stylized face generation. Right:
An additional mapping network is trained to bridge the CLIP feature space and the latent style space, providing a unified control for guided

face stylization.

structural signals through some stacks of one-dimensional vectors,
which lead to generation results of limited fidelity. To address this
issue, we propose a spatial encoder to modulate the feature map of
StyleGAN?2 directly.

Multi-modal face stylization. The diversity of generation results is
a key feature of face stylization models. MUNIT [HLBK18] designs
two encoder-decoder modules to exchange content and style features
via adaptive instance normlization [HB17] to allow the style latent
to be sampled. DRIT++ [LTM™*20] enhances the disentanglement
of representations by introducing a domain discriminator. StarGAN
v2 [CUYH20] allows image and latent guided generation in a
style branch to enrich the diversity of control condition. However,
the decoder of these methods cannot achieve high-quality face
stylization due to the lack of generative priors. More recently,
BlendGAN [LLQ™*21] transfers the scheme in StyleGAN2 decoder
and achieves desirable face stylization results in terms of both quality
and variety. Unfortunately, the decoupling ability is naturally limited
by the w/w+ space of StyleGAN?2, lacking of sufficient spatial
information. To address these weaknesses, our approach explicitly
decouples the content and style information in StyleGANZ2, so that
the content structure is not significantly affected while changing the
style.

Guided face stylization. Given out-of-domain style reference
images, the model should be able to adapt to the new domain.
Some few-shot methods [LZLS20, MCS20, RCKH20, WGGB*20,
WWH*18] focus on transferring to the target domain based on sev-
eral reference images. For instance, Transferring GANs [WWH™ 18]
defines the adaption of generation model by limited data as a transfer
task. FreezeD [MCS20] freezes the lower layers of the discriminator
to avoid overfitting. FSGA [OLL*21] proposes the CDC loss to keep
the diversity of generated output. CIGAN [WYT™*22] constructs a
novel encoder and the CDT loss to perform the stylization task.

Under a more strict setting of only one reference image, Jo-
JoGAN [CF22] perturbs the part of inversion latent to augment
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style. Mind-The-Gap [ZAFW22] constructs a geometric constraint
relation in the CLIP space to shift domains while maintaining the
overall structure. Similarly, OneshotCLIP [KY23] makes full use
of the semantic consistency of the same portrait in the CLIP space
via contrastive learning. DiFa [ZWJ*22] designs local and global
adaptation functions to enhance the diversity and fidelity. Instead of
fine-tuning the entire generator, GenDA [YSZ*21] imports two light
modules called attribute adaptor and attribute classifier to refine
the model. Generalized one-shot adaptation [ZLH*22] focuses on
preserving decorations in a new domain. HyperNST [RGM*23]
defines one-shot face stylization as a style transfer problem.

For zero-shot face stylization, the desired style information is
described by input text, rather than a reference image. StyleGAN-
NADA [GPM*22] uses the text direction in the CLIP space as
guidance to optimize styles. StyleCLIP [PWS*21] adopts a latent
mapper to hierarchically adjust the latent. TargetCLIP [CBPW22]
adds an essence vector to the source latent to make multiple views
in the CLIP space. With another usage of CLIP, CSLA [ZLG*22]
projects the CLIP embedding into the latent space directly to edit
image attributes. To provide feasibility under different conditions,
our framework is designed to support both one-shot and zero-shot
face stylization simultaneously.

3. Method

In this section, we formally introduce MMFS. As shown in
Figure 2, the core of the network architecture is an encoder-decoder
framework integrated with StyleGAN2, which has been pre-trained
with FFHQ and serves as a generative prior for high-quality face
generation. To ensure stable and efficient training of this network,
we propose a two-stage training strategy. First, we train the encoder
to approximate the low-resolution feature maps of the pre-trained
StyleGAN2. Next, we fine-tune the entire encoder-decoder network
with artistic portrait images, allowing the network to learn a domain
translation from real faces to stylized ones. To enable guided face
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Figure 3: Comparison of reconstruction results. Our method can
faithfully recover fine-grained details in local regions.

stylization, we further train an additional mapping network from the
CLIP feature space to the trained latent w+ space. This additional
network provides a unified control for both one-shot and zero-shot
face stylization.

3.1. Stage I: Encoder Pre-training

As demonstrated in [KLA19,KKC21], the mid- and high-resolution
layers of StyleGANs are more related to semantic attributes and
details of generated faces, while the low-resolution layers are re-
sponsible for controlling facial structure. Based on this observation,
the first stage of MMES is to train the encoder component of the
network and to align its output with the 32 x 32 feature maps of
StyleGAN?2 to ensure faithful reconstruction of the input face.

During the training process, we sample a batch of images I, ¢
using the pre-trained StyleGAN2 generator Gy with random noises
z. These images and the corresponding noises are then fed into the
encoder-decoder framework (E and D), resulting in reconstructed
images Lyec = D(E(gsty (Z))71)~

We use an £; loss and a perceptual loss to penalize the
difference between the reconstructed images and sampled images.
To further preserve fine-grained details, we use the discriminator
D of StyleGAN?2 to evaluate the perceptual loss, as suggested by
JoJoGAN [CF22]. Thus, the objective to optimize in this stage is:

['stageflzﬁl(lreulref) +7vperc Z ﬁl(Dl(IFEC)ypl(Iref)) (D
le{ls}

where kpem is the weight of the perceptual loss term and is set to 4.0
empirically, Dl(-) denotes the /-th layer features extracted by the
discriminator, and {/s} denotes the set of layers of the discriminator
to compute the perceptual loss.

We compare the reconstruction results of our encoder-decoder
network in Stage I with other GAN-inversion and StyleGAN2
encoding methods, including pSp [RAP*21], e4e [TAN*21], and
112S [ZAQ*20]. As shown in Figure 3, our method can faithfully
recover fine-grained details including facial features and hair
regions.

3.2. Stage II: Encoder and Decoder Fine-tuning

In the second training stage of MMEFS, we utilize the self-
reconstruction model obtained in the first stage and fine-tune the
entire encoder-decoder network for face stylization. In this stage,
our goal is to optimize the encoder to extract structural features
that are independent of the desired artistic style, while making the
decoder produce diverse stylized faces based on these structural
features.

Towards this end, we leverage the following two key components.
First, our decoder is StyleGAN-like, which can map a noise z €
N(0,1) into the latent space w and modulate convolution layers to
produce diverse and high-fidelity results. Here z only controls the
style, since the structural representation is obtained by the encoder
from the input image. To generate a stylized face image from a
real face image I, with a noise z sampled from N (0,1), we use an
adversarial loss to encourage our generated image to align with the
distribution of stylized images I;:

Laay = Ex,(log D(Ly)) +Ey, ;(log(1 = D(D(E(Ir),2))))  (2)
where D(+) denotes the prediction of discriminator.

To further constrain the structure of the generated image to
be similar to the input image, we use DINO-ViT [CTM*21]
and its self-similarity metric. Specifically, we measure the self-
similarity of DINO-ViT features to obtain the structure representa-
tion [TBTBD22]:

8! ()i = sim(K] (T), Kj(T)) ©)

where sim(-,) is cosine similarity, and K (-) denotes the keys of
the i-th token in the /-th layer of DINO-ViT. We measure the self-
similarity for both generated image and input image, and encourage
them to match each other, using the following structure loss:

L = ||S' (D(E(L),2)) — 8 (1) ||, “)

where || - || denotes the Frobenius norm. Here we adopt the last
transformer layer of DINO-VIT.

The full objective in this stage for encoder and decoder fine-tuning
is:

‘Cstagef2 = Eadv + At Lt 5)

where A balances the two terms and is set to 0.5. We also leverage
‘R regularization as in StyleGAN2 [KLA*20].

3.3. Guided Face Stylization

After the two-stage training, we obtain a fully trained encoder-
decoder network that can randomly transform a realistic face image
to a stylized version. However, this stylization process is random and
beyond control. To enable more precise and controllable stylization,
we propose to train an additional mapping network that can yield a
latent code in the w+ space from a given style image.

Learning CLIP mapping. To enable guided stylization, we leverage
a pre-trained CLIP model [RKH™*21] to extract image features and
train a mapping network to convert CLIP features to w+ latent
codes. Due to the alignment of images and text in the CLIP feature
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space, we can achieve text-guided stylization even if we only train
on image data.

In our implementation, we use a four-layer transformer as the
mapping network, with the input being the CLIP feature and a
learnable positional embedding epos € R”’Xd”, where n; is the
number of latent codes in the w+ space, and d. is the dimension
of the CLIP feature. This mapping network is trained in a self-
reconstruction manner, with the same loss function as the first
stage (Section 3.1). To obtain a reference image for training, we
randomly stylize an input image I with noise z: I,y = D(E(I;),z).
We then extract the CLIP features Fcrp(+) of I f, feed them into
the mapping network M(+) to obtain the corresponding latent codes,
and reconstruct the image as

Iree = D(E(L), M(FcLip (Iref) + ePOS))- (6)

The weight of the perceptual loss is set to Apere = 4.0 in this stage.
The discriminator trained in the second stage (Section 3.2) is used
to measure the perceptual difference.

Zero-shot stylization. Our encoder-decoder based network, which
is equipped with a CLIP mapping, supports both text and image
guided stylization in a single forward inference. However, due to
the limited amount of training data, the network may not always
generate high-quality images that match the style prompt. To further
improve the stylization results, we introduce a fine-tuning progress
that allows us to generate stylized images that are specific to a
particular style prompt. In this fine-tuning stage, we use the encoder-
decoder network as a prior, while the CLIP mapping plays a role in
providing an initial solution.

Given a text prompt peext, we obtain the w+ latent code using
CLIP mapping: ¢y+ = M(Fcpip(prext) + €pos ), and stylize an input
image I, with this latent code: Iy = D(E(I,),cw+ ). To measure
the consistency between I and piext, we use the directional CLIP
loss [PWS*21]. Meanwhile, the structure of I should be consistent
with I.. Thus, we optimize the following objective:

Lo—shot(Prext) = [IS'(I) — S (1) |7 +

. (N
Ae(1 —sim(dcip(Is), deLip (Prext)))

where A is the weight of cosine similarity, and dcpp(-) denotes

the direction from the text/image anchor to CLIP features Fcpp(-).

We freeze all the parameters except those of the decoder during this

fine-tuning process.

One-shot stylization. For an image prompt pjyaee, We perform a
fine-tuning step similar to the aforementioned zero-shot stylization.
To further improve the quality of stylized image, we propose a new
loss term that makes the best use of pjmage. This new loss is built on
the tokens of CLIP ViT image encoder. Specifically, we construct a
group of orthogonal basis U € R4 *™™(4-) (4, and n, denote the
dimension and number of tokens) of ViT’s tokens using SVD, which
constitutes a feature space that is relevant to pjpage- If the stylized
image I has a style similar to the image prompt, the corresponding
ViT tokens should remain unchanged as much as possible after being
projected onto these orthogonal bases and then projected back. To
achieve this goal, we add the following loss term to the fine-tuning
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Figure 4: Qualitative comparison on random stylization. MMF'S
achieves both good stylization and faithful facial detail preserving.
DualStyleGAN [YJLL22a] requires an input exemplar as the
reference and we randomly select four images from the AAHQ
dataset as exemplars for stylization.

objective:
‘cl —shot = ['()— shot (pimage) +

®)
Tl !
MprojllUU” Tene (Is) — Tev (Is) |1

where A, ; controls the impact of the projection loss and T ()
denotes the /-th layer’s tokens of the CLIP ViT image encoder. We
use the 4th layer in all of our experiments.

4. Experiments

Our proposed method, MMFS, is capable of generating stylized
face images with high-quality and large diversity. In this section,
we first describe our evaluation setups and then compare MMFS
with several state-of-the-art baseline methods both qualitatively and
quantitatively to evaluate the effectiveness of our approach in various
stylization tasks.

4.1. Experimental Setup and Implementation Details

Baseline methods. We compare our MMFS with several previous
methods on random stylization, including MUNIT [HLBK18],
DRIT++ [LTM*20], and BlendGAN [LLQ*21]. All of them
are trained on FFHQ [KLA19] and AAHQ [LLQ*21] datasets.
For guided stylization, we conduct qualitative comparisons
with MTG [ZAFW22], DiFa [ZWJ*22], JoJoGAN [CF22] and
BlendGAN [LLQ*21] on one-shot stylization, and compare our
method with StyleGAN-NADA [PWS*21] and CLIPstyler [KY22]
on zero-shot stylization.

Evaluation metrics. We evaluate our method quantitatively from
three perspectives: quality, identity-preservation, and diversity.
To measure the quality, we use Frechet Inception Distance
(FID) [HRU™*17] to calculate the difference between the stylized
images and samples from AAHQ. A lower FID score indicates a
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Figure 5: Qualitative comparison results with several state-of-the-art methods on image-guided stylization.
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Figure 6: Qualitative comparison results with several state-of-the-art methods on text-guided stylization. The source images are shown in the
first row. The text prompts for the results from the second to the fifth rows are ‘a cubism style painting’, ‘pop art’, ‘watercolor painting’, and

‘painting in the style of Fernando Botero’, respectively.

better stylization quality. For identity-preservation, we use the cosine
similarity of Arcface [DGXZ19] features to evaluate the variation of
face identity before and after stylization. To make this metric more
intuitive, we use one minus the cosine similarity (Arcface-Dist).
A lower Arcface-Dist value indicates better preservation of face
identity. To measure diversity, we use LPIPS [ZIE* 18] to calculate
the perceptual difference between two randomly stylized images. A
higher LPIPS value indicates larger diversity in stylization results.

Network training. We implement our method in PyTorch and train
the network with Adam optimizer using a batch size of 8. We train
the network with 10000, 90000, 60000 iterations at Stage I, Stage
II, and CLIP mapping, respectively. For one-shot and zero-shot fine-
tuning, we find 200 iterations are sufficient to achieve reasonable
results and avoid over-fitting. In both Stages I and II, we set the
learning rate to be 0.001, B; = 0.1 and B = 0.999 for the optimizer.
During the learning of CLIP mapping and zero/one-shot fine-tuning,
the B; is set to 0.9 and the learning rate is decreased to 0.0002.
Moreover, we apply an EMA decay of 0.999 (Stage I, Stage II, and
CLIP mapping) or 0.99 (zero/one-shot fine-tuning) for our network
except for the discriminator to stabilize the training process.

Timing statistics. The training process takes about 30 minutes per
1000 iterations. At test time, the image encoding, text encoding,
random sampling, and one/zero-shot stylization step each takes
6.54, 6.59, 15.59, and 15.85 milliseconds on average, measured
with single NVIDIA Tesla V100 GPU.

4.2. Random Stylization

We randomly select 10,000 face images from the FFHQ dataset, and
feed them, in addition, the style code z sampled from N(0, 1), to
each method. Table 1 shows the quantitative comparison between
our approach and previous methods. Note that the blending indicator
of BlendGAN is set to 6 for a trade-off between stylization strength
and structural consistency. The stylized images of MUNIT and
DRIT++ suffer from artifacts and blurriness while BlendGAN
produces high-fidelity faces but of less noticeable style and lower
diversity due to the above trade-off. In comparison, our method
reaches a better balance of consistency and stylization strength,
achieving both the best visual quality and diversity, as shown in
Figure 4, thanks to the generative prior and our encoder-decoder
based framework.

© 2023 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



Li et al. / Multi-Modal Face Stylization with a Generative Prior 7 of 10

Table 1: Quantitative comparison on random stylization. In each
column, the best result is highlighted in bold while the second best
number is marked with an underline. DualStyleGAN [YJLL22a]
requires an input exemplar as the reference and we randomly sample
10000 images from the AAHQ dataset to obtain the corresponding
numbers.

Method | FID,  Arcface-Dist| ~LPIPS?
MUNIT [HLBK 8] 18.96 0.511 0.505
DRIT++ [LTM*20] 16.18 0.514 0.489
BlendGAN [LLQ*21] 51.94 0.509 0.482
DualStyleGAN [YJLL22a] | 54.96 0.582 0.600
MMFS 10.39 0.507 0.583

(o

\ (N

Figure 7: Style interpolation results. In each row, from left to right,
we present the input source image and interpolation results of two
randomly sampled styles using the latent code of wy -a+wy - (1 — )
where a. € {1.0,0.8,0.6,0.4,0.2,0.0}.

4.3. Guided Stylization

One-shot stylization. In our evaluation of one-shot stylization,
we compare our proposed MMFS with state-of-the-art methods,
including MTG, JoJoGAN, DiFa, and BlendGAN. The results are
shown in Figure 5. From the visual comparison, we can observe that
MTG and JoJoGAN tend to generate twisty facial features when
given slightly irregular style images, while the eye’s orientation of
their stylized faces is always under the influence of reference. The
overall style strength of DiFa is relatively weaker than others except
for BlendGAN, and the eyes rolling back frequently occurs in its
stylized faces.

Additionally, all these methods suffer from a common dilemma:
they are all built on StyleGAN2, and thus a GAN inversion is
indispensable to project the input image onto the StyleGAN2 w+
space. Unfortunately, this inversion is not perfect and leads to
the loss of structure. Furthermore, some methods (e.g., MTG and
BlendGAN) rely on style-mixing, which can aggravate structural
changes or weaken the style. In contrast, our proposed method
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Figure 8: FID curves of different training strategies. Our two-stage
training leads to a significant boost in convergence speed and much
lower FID.
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Figure 9: Impact of fine-tuning and projection loss for one-shot
stylization. From left to right: (a) reference styles; (b) input source
images; (c) with fine-tuning but without the projection loss, and (d)
our full method, respectively.

integrates a StyleGAN2 into the encoder-decoder framework,
allowing for both faithful reconstruction and high-quality stylization.

Zero-shot stylization. In Figure 6, we present qualitative compar-
isons between our proposed MMFS and state-of-the-art methods
on zero-shot stylization. Similar to StyleGAN-based methods in
one-shot stylization, StyleGAN-NADA suffers from significant
modifications of structure and identity in its stylized faces. Fur-
thermore, StyleGAN-NADA often generates unwanted colorful
stripes in the background region of its generated images. Meanwhile,
CLIPstyler adopts an encoder-decoder framework without the need
for GAN inversion, ensuring more faithful reconstruction of input
faces. However, its decoder and training strategy restrict its ability
to generate high-quality face images, resulting in local artifacts.
In contrast, our approach leverages a two-stage training strategy
and integrates StyleGAN2 into the encoder-decoder framework,
allowing for both faithful reconstruction of input faces and high-
quality stylization, resulting in superior performance in zero-shot
stylization. It is also worth mentioning that recent diffusion model
based methods [DN21,ND21] have demonstrated superior perfor-
mance for zero-shot stylization. However, it remains challenging
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Figure 10: Impact of fine-tuning for guided stylization. From left
to right: (a) reference styles (top two rows) / input text (bottom two
rows); (b) input source images; (c) results based on CLIP mapping
without fine-tuning and (d) fine-tuning with directional CLIP loss,
respectively.

for these methods to maintain facial structure of input during the
image-to-image translation process.

Style interpolation. Thanks to the StyleGAN-like decoder, our
style code in the w+ space can be interpolated naturally. Figure 7
shows the visual results of style interpolation, in which the style of
generated images gradually changes from one to another.

4.4. Ablation Study

Training strategy. To evaluate the advantage of our proposed
training strategy, we conduct an experiment in which we remove the
generative prior and train the entire encoder-decoder from scratch
in Stage II. In Figure 8, we show the FID scores with respect to the
training iterations. We observe that training from scratch leads to
slower convergence and higher FID scores compared to our two-
stage training strategy. By leveraging the pre-trained StyleGAN2 and
the encoder in Stage I, our fine-tuning process in Stage II converges
faster and achieves consistently lower FID scores.

Projection loss. Figure 9 demonstrates the positive impact of the
projection loss proposed for one-shot stylization. While the direc-
tional CLIP loss encourages global semantic alignment between the
stylized image and the style prompt, it may still not be sufficient
enough to provide guidance for low-level features and fine-grained
details. To further refine results in one-shot scenarios, our projection
loss uses ViT tokens from the style reference to provide additional
patch-level clues.

Figure 11: Impact of different CLIP layers. From left to right:
reference styles, input source images, results using the 4th, 8th,
and 12th CLIP layer, respectively.

Figure 12: Our method has limitations in handling significant
geometric deformations. Given a reference style such as a caricature
(on the left), our method is unable to deform the facial structure
accordingly (on the right) and instead transfers the source input
with a similar texture appearance.

Fine-tuning. As shown in Figure 10, the additional fine-tuning for
zero-shot and one-shot stylization results in stylized images that
better match the style prompt. When using only the CLIP mapping,
the stylized results are reasonable, but the color tone and texture
details may not always be consistent with the guidance. Fine-tuning
allows for the direction of the text or image prompt in the CLIP
space to provide a global cue to improve these issues.

CLIP features. We further conduct an experiment to validate the
impact of different CLIP [RKH*21] layers in one-shot fine-tuning.
As shown in Figure 11, shallower layers contain more low-level
features, leading to better color match, while deeper layers are
more semantic. We applied the proposed projection loss on deep
layers which provides similar guidance as directional CLIP loss.
We currently choose the 4th layer of CLIP features for a trade-off
between low-level and semantic features, which works well in our
experiments.

4.5. Limitations

Although MMEFS achieves high-quality face stylization with large
diversity in all the cases of random/one-shot/zero-shot stylization,
there is still potential for further improvement. Specifically, our
current implementation does not support significant geometric

© 2023 Eurographics - The European Association
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Figure 13: Out-of-distribution results. From left to right: input
images, reconstruction results, and stylized output.

deformation such as caricature, as shown in Figure 12. This
issue may be addressed or alleviated by incorporating a learnable
deformation module into the network. Moreover, our generated
images are limited within the cropped region of FFHQ. Our method
also has limited performance for input with large pose variations or
significant occlusions that are out-of-distribution of FFHQ, as shown
in Figure 13. Integrating our MMFS with VToonify [YJLL22b] is a
promising future direction to unlock the power for full-size image
stylization.

5. Conclusion

In this study, we present MMFS as a novel framework that
leverages the strengths of StyleGAN2 and an encoder-decoder
architecture to generate high-quality and diverse stylized faces while
preserving fine-grained details. With our two-stage training strategy
and CLIP-guided mapping network, MMFS offers a flexible and
effective approach for one-shot and zero-shot stylization tasks. Our
experimental results demonstrate that MMFS outperforms state-of-
the-art methods by a large margin in both quantitative and qualitative
evaluations. Overall, MMFS presents a promising solution for
artistic face stylization with a wide range of potential applications.
It is also worth exploring to expand this generative prior based
framework to other applications beyond face stylization.

Acknowledgements. We thank the anonymous reviewers for their
valuable feedback and constructive suggestions.
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