
PS-StyleGAN: Illustrative Portrait Sketching
using Attention-Based Style Adaptation

Kushal Kumar Jain ⋆, Ankith Varun J ⋆, and Anoop Namboodiri

IIIT-Hyderabad, Gachibowli, India
{kushal.kumar, ankith.varun}@research.iiit.ac.in and anoop@iiit.ac.in

(a) Identity (b) Smile3 (c) Smile2 (d) Smile2 (e) Smile1 (f) Neutral

Fig. 1: Outputs of PS-StyleGAN for different sketching styles (inset) in specified
poses and expressions while maintaining the input identity. A model trained on
FS2K dataset was used for (b) - (d), while CUHK and APDrawing were used
for the models in (e) and (f).

Abstract. Portrait sketching involves capturing identity specific attributes
of a real face with abstract lines and shades. Unlike photo-realistic im-
ages, a good portrait sketch generation method needs selective attention
to detail, making the problem challenging. This paper introduces Por-
trait Sketching StyleGAN (PS-StyleGAN), a style transfer ap-
proach tailored for portrait sketch synthesis. We leverage the semantic
W+ latent space of StyleGAN to generate portrait sketches, allowing us
to make meaningful edits, like pose and expression alterations, without
compromising identity. To achieve this, we propose the use of Atten-
tive Affine transform blocks in our architecture, and a training strat-
egy that allows us to change StyleGAN’s output without finetuning it.
These blocks learn to modify style latent code by paying attention to
both content and style latent features, allowing us to adapt the outputs
of StyleGAN in an inversion-consistent manner. Our approach uses only
a few paired examples (∼ 100) to model a style and has a short training
time. We demonstrate PS-StyleGAN’s superiority over the current state-
of-the-art methods on various datasets, qualitatively and quantitatively.
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1 Introduction

Drawing portrait sketches is an intricate but timeless form of artistic expression.
It requires one to use minimalistic elements, such as lines, to encapsulate the
⋆ equal contribution
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distinctive features and the overall essence of an individual’s identity. A lot of
research has been done to understand how humans perceive 3D shapes through
rough sketches or simple line drawings and why they effectively represent com-
plex concepts like identity [4, 19]. While some theories exists, it is still not very
well known as to how artists choose the lines that they draw [20, 46]. Hence
the process of generation of such sketches remain a manual creation and time-
consuming one. Many Non-Photorealistic Rendering methods tried to solve this
artistic challenge [8, 44, 37, 32, 3]. However, they rely on ground truth geometry,
which is noisy near detailed parts of the face like eyes, nose and lips. Humans
are particularly sensitive to details in these regions as we have dedicated neural
pathways [50] for face detection and identification.
Deep learning [47] based approaches like style transfer [15] and image to image
translation [24, 60] have been very successful in sketch generation. Innovations
in style transfer [51, 23, 38] have made the generation process faster and more
reliable. However, these methods only perform well for global texture transfor-
mations and do not consider local details, abstracting out crucial elements like
eyes and lips. Following the development of Generative Adversarial Networks
(GANs) [16] and cGANs [36], Isola et al. proposed a novel method for general
image to image translation using cGANs [24, 60]. Even though training such gen-
erators is notoriously difficult, modern image to image translation methods [5]
have shown impressive results and tremendous potential.
More recently, researchers have used a pretrained StyleGAN [28, 27] along with
encoders that invert a given image into StyleGAN’s latent space to tackle the
problem of general image to image translation [7]. Its highly semantic W+ la-
tent space allows one to make meaningful edits to the final output, like changing
pose, facial expression or emotion, without affecting the identity. However, for
portrait sketch generation, incorporating the sketch style into the original Style-
GAN poses a significant challenge. It carries the risk of perturbing and changing
the behaviour of the latent space of the pre-trained StyleGAN, making latent
editing difficult. Yet a lot of works [22, 54, 30, 55, 6], have tried to solve the issue
with different approaches. Some methods [55, 54] divide the latent space into
dual spaces and others use attention [30] for better mapping features in the la-
tent space.
DualStyleGAN [55] achieves portrait style transfer by disentangling the spa-
tial resolution layers of StyleGAN to perform independent structure and color
transfer between domains. They propose a ResBlock [18] based feature statis-
tics alignment module using AdaIN [23] that incorporates structure control over
the coarse and middle layers of StyleGAN. Training their ResBlock does not
change the latent distribution and thus it allows semantic editing. However, Du-
alStyleGAN’s style blending might result in significant loss of identity. In our
experiments we observed some extent of structure and color entanglement across
all layers of StyleGAN, especially in the middle layers. Hence, it is difficult to
decouple structure and color transformations without losing desirable artistic
characteristics like pencil strokes and shading, see Fig 2. Lastly, DualStyleGAN
relies on a pre-training process to learn structure transfer in the source domain
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(a) input (b) sketch (c) structure only (d) color only

Fig. 2: Results of DualStyleGAN trained on CUHK [53] dataset. The generated
sketch (b) is a result of complete structure and color transfer. Structure transfer
(c) results in considerable loss of identity while color transfer (d) does not yield
stylization.

which is quite time consuming.
To this end, we propose Portrait Sketching StyleGAN (PS-StyleGAN), which
converts real face photos into a portrait sketch while offering the semantic ed-
itability of StyleGAN without the need to finetune it. We use our novel attention
[52] based affine transformation blocks to modulate only the style latent codes
while keeping the generator frozen. These blocks help us simulate the behaviour
of a finetuned StyleGAN. We discard any form of structure transfer so as to
ensure identity preservation and adopt a progressive training strategy to achieve
a rapid but smooth domain transfer. We also run our model on different datasets
to show that our model is inversion consistent. Our main contributions are:

1. We propose PS-StyleGAN, which can generate expressive portrait sketches
from a photo-realistic face image. Specifically, our method can learn com-
plex hairstyles and generate perfect eyes, nose and lips while preserving the
subtleties of an artist’s style. Furthermore, our model converges quickly and
can be trained on relatively small datasets.

2. We introduce a novel Attentive Affine transformation for better-transforming
style latent codes based on style examples.

3. We perform experiments, conduct a user study and run ablations on various
datasets to show the effectiveness of our method.

2 Related Works

2.1 Image To Image Translation

Image-to-image translation techniques aim to learn a mapping function that
can convert an input image from one domain into the corresponding image in
another domain. This approach was initially introduced by Isola et al. using con-
ditional GANs [24] and has since seen significant development. Recent methods
like [14] use Dynamic Normalization (DySPADE) in the generator architecture
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along with depth maps to supervise the generation with encouraging results. An
unsupervised version of Pix2Pix called the CycleGAN [60, 33, 29] sparked the
creation of some fascinating sketch generation methods. In AP-DrawingGAN,
Yi et al. [57] used dedicated GANs to generate difficult-to-sketch features like
eyes, nose and lips. FSGAN [11] extends their approach and introduces a new
dataset called FS2K, which has three styles and paired sketch examples. We use
this dataset for training and comparison with other methods. New approaches
like [5, 25], use CLIP [39] embeddings. In [5] the authors use CLIP along with
a geometry-preserving loss to achieve line drawings that respect the scene’s ge-
ometry. These methods require training the generator, which is difficult and
necessitates large datasets, which is not feasible for face sketches.
Diffusion models [21, 10] have made significant progress in text-guided image
generation [40, 45, 42], in the past few years. Personalised sketch generation in
the context of diffusion models has been achieved by either finetuning the gen-
erator itself [43] or by learning personalised word or image embeddings for the
generator [13, 56], or by using ID embeddings as condition [31, 25]. Our method
instead relies on a StyleGAN generator trained on realistic human faces [27].
We modify the generator’s output by learning crucial aspects of each style using
only a few examples.

2.2 StyleGAN Latent Space Inversion

The exceptional image quality and semantic richness of StyleGAN [27, 28] has
made it very attractive for directed image generation. GANs synthesize images
by sampling a vector (latent code) from the latent space distribution. GAN in-
version tackles the problem of finding the latent code that best recreates a given
image. This can be done by direct optimization, learning encoders or a mix of
both [1, 7]. For latent editing, some methods take the supervised approach by
finding latent directions for labelled attributes, while others take a more unsu-
pervised approach [17, 49].
Although there are many approaches for latent space manipulation of realistic
images, they do not work for stylized generators as it would change the latent
distribution, making latent manipulation inconsistent [48]. JoJoGAN [6] achieves
style transfer by training a new mapper for every finetuned StyleGAN, but it
comes at the cost of identity. DualStyleGAN [55] solves this issue by disentan-
gling the spatial resolution layers of StyleGAN to perform independent structure
and color transfer between domains. They propose a ResBlock [18] based fea-
ture statistics alignment module using AdaIN [23] that incorporates structure
control over the coarse and middle layers of StyleGAN. Training their ResBlock
does not change the latent distribution and thus it allows semantic editing. Our
method differs from their approach as we investigate how to better preserve
content structure, as portrait sketches have well-defined lines that need spatial
consistency. We use attention based style adaption blocks to smoothly transform
the generative space by aligning it to the feature statistics of the style examples.
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2.3 Attention in Latent Space Manipulation

Following the development of W+ space [1] many methods have tried to find
new latent spaces that can offer better reconstruction ability while retaining
the editing ability. In StyleTransformer [22], the authors use cross and self at-
tention layers to aid in the inversion task of W+ latent space, showing that
transformers can be a useful addition here. In TransStyleGAN [30], the authors
introduce a new W++ latent space by replacing the MLP layers in the mapper
network with transformer layers, resulting in better reconstruction and editing
abilities.DualStyleGAN [55] proposes splitting the latent space into dual spaces
effectively disentangling style and content spaces, allowing existing editing ap-
proaches to work on stylized spaces. A similar approach dubbed TransEditor [54]
also divides the latent space into P and Z spaces but crucially also uses cross
attention based interaction module to correlate between the separated spaces.
In [2], the authors find that editing the style codes in early stages of the genera-
tion process affects the structural properties of the image, resulting in artefacts
in the final results. TransEditor mitigates this issue by increasing collaboration
between the two spaces. In our approach we use attention based style adaption
blocks to transform the style codes only in the later stages of the generation
process.

3 Method

We propose an end-to-end method for facial sketch synthesis using our model
PS-StyleGAN g′, whose architecture is outlined in Fig. 3. Given a content image
C and sketch image S of a particular style S, we invert both images to the Z+
latent space of a pre-trained StyleGAN generator g using a pSp-based encoder E
[41, 49]. We train the encoder E on 256×256 resolution of FFHQ dataset [27] and
modify it to embed face images to the Z+ latent space, which is more resilient
to background details than the standard W+ space as observed in [48]. Using
StyleGAN’s mapping network f , we transform them into latent codes w+

c and
w+

s , respectively, in the shared W+ latent space of g. Finally, we pass the latent
codes through our novel synthesis network g′ to obtain the generated image G,
successfully capturing the style of S. In the following sections, we give a detailed
description of our model architecture and training procedure.

3.1 Hierarchical Style Control in StyleGAN

As described in [27], the style blocks/layers of StyleGAN of different spatial
resolutions controlled specific aspects of face generation. Coarse layers (4× 4−
8×8 resolution) affect high-level aspects such as pose, hair texture, face structure
and accessories. Middle layers (16 × 16 − 32 × 32 resolution) generate smaller-
scale features like eyes, smile, hairstyle, etc. Fine layers (64 × 64 − 256 × 256
resolution) mainly control the general color scheme and microstructure of the
generated image.
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Fig. 3: An overview of our model architecture. We use a pretrained 256x256
resolution StyleGAN2 [28] generator g fitted with three style adaptation blocks
at the fine resolution layers. Each block consists of a novel Attentive Affine
transform module (A) that predicts affine parameters from attention-weighted
latent codes of S using supervision from w+

c and w+
s . These parameters are then

used to modulate and normalize the spatial features of g at different scales to
imbibe the style S into C.

To tackle the challenges pointed out in Sec 1, we use attention-based style
adaptation blocks in the fine layers of the generator network that perform feature
transformations by considering both global and local style patterns. Each block
consists of a novel Attentive Affine transform module (A) and StyleGAN’s mod-
ulative convolution layer, which provide instance-wise style conditioning to the
content features. We choose to modulate just the fine layer features of the gen-
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erator so as to preserve the overall structure of the content image. The adapted
features are then fused with the original content features at each layer to allow a
smooth transition of the generative space from the photo-realistic domain to the
sketch domain. We show experimentally in Sec 3.1 of the supplementary that the
latent space of StyleGAN remains consistent, allowing us to manipulate sketches
using methods designed for realistic images.

We use the following notation for subsequent analysis - w+
xi

denotes the ith

segment of the latent code of an input image X, FX
i denotes the feature maps

of X that go into the ith convolution layer of the synthesis network and yXi =
(yXs,i, y

X
b,i) denotes the corresponding affine parameters computed at that layer.

3.2 Paying Attention in Latent Space

Inspired by AdaAttN [34], we introduce attentive affine transformations to ob-
tain improved affine parameters ySi at the fine layers, which encapsulate the
complete feature distribution of the style image. These parameters are then
used by the AdaIN operation to achieve style transfer. As shown in Fig 4c, the
style adaptation process works in three steps.

1. Computing attention maps with content and style latent codes w+
c and w+

s ,
respectively.

2. Calculating weighted segment of the style latent code and obtaining im-
proved affine parameters ySs,i and ySb,i of the style features.

3. Adaptively normalizing the content features for instance-wise feature distri-
bution alignment.

Attention Map Generation: Different from standard style transfer meth-
ods, we use the attention mechanism to measure the similarity between the
content and style latent codes instead of the corresponding features themselves.
Due to the highly disentangled nature of the W+ latent space of StyleGAN,
similarity in the latent space extrapolates well to that in the feature space. The
relatively low dimensionality of the latent space keeps the model lightweight and
cuts down on the computational costs of calculating attention maps. To compute
the attention map A corresponding to the fine layer i, we formulate query (Q),
key (K) and value (V ) as given below.

Q = f(Norm(w+
c ))

K = g(Norm(w+
s )) (1)

V = h(w+
si)

where f , g, and h are standard trainable 1 × 1 convolution layers while Norm
is the instance normalization operation carried out channel-wise. We compute
attention map A as:

A = Softmax(QT ⊗K) (2)

where ⊗ represents matrix multiplication.
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Fig. 4: (a) The structure of AdaIN [23] module used in StyleGAN [27]. (b) The
structure of AdaAttN [34] module. (c) The structure of our proposed design
showing attentive affine transform blocks. Here, A denotes a basic affine trans-
form block consisting of a single trainable fully-connected layer and Norm de-
notes channel-wise mean-variance normalization.

Improved Affine Parameters: In AdaAttN [34], applying the attention
map to the style feature FS

i is interpreted as observing a target style feature
point as a distribution of all the weighted style feature points by attention.
Then, statistical parameters are calculated from each distribution for subsequent
modulation. In our case, the style latent code segment w+

si is multiplied with the
attention score matrix to represent it as a distribution of all style points in the
latent space. We term this as attention-weighted latent code segment x+

si ∈ R512

from which we learn improved affine transformations to get better representative
affine parameters ySs,i and ySb,i as follows.

x+
si = V ⊗AT (3)

(ySs,i, y
S
b,i) = Affine(x+

si) (4)

where Affine is a learnable single fully-connected layer identical to the traditional
StyleGAN’s affine transform. The output dimensionality of the layer is twice the
number of feature maps on the corresponding spatial resolution of the generator.

Adaptive Normalization: Finally, we use the obtained affine parameters
to modulate the normalized content feature map point-wise for each channel to
generate the transformed feature map. Thus, the AdaIN operation in our case
would become

FCS
i = ySs,i

FC
i − µ(FC

i )

σ(FC
i )

+ ySb,i (5)

The transformed feature maps FCS
i go into a trainable convolution layer whose

outputs are selectively fused with those of the fine layers of the pre-trained
synthesis network g to complete the style adaptation process. We notice that
omission of the mean affine parameter i.e ySb,i during modulation does not affect
the generated results. Therefore, like StyleGAN2 [28], we combine the modula-
tion and convolution operation by scaling the convolution weights and effectively
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reduce the output dimensionality of the affine transform blocks.
To summarize, we perform feature statistics alignment using attentive affine
transformations by generating attention-weighted latent code that better repre-
sents the target style feature distribution in the fine layers ensuring that middle
and coarse layer features are not lost.

3.3 Training Strategy

We adopt a progressive transfer learning scheme using a pretrained StyleGAN
to smoothly refine its generative space to align with the target style distribution
S comprising of limited samples. The scheme consists of two stages as illustrated
in Fig 5.
Stage I - Domain Transfer: Similar to fine-tuning, we seek to achieve a
general transformation from the photo-realistic domain to the sketch domain
defined by S. We randomly generate a latent code z+ and sample a sketch
image S and its corresponding style latent code z+s . Using StyleGAN’s mapping
network f , we obtain the W+ latent space embeddings for the content and style
images as w+ = f(z+) and w+

s = f(z+s ), respectively. Subsequently, we pass the
latent codes through our synthesis network g′ to obtain the generated sketch as
G = g′(w+, w+

s ). Following standard style transfer practices, we employ a style
loss to fit the style of the generated sketch G to S which is given by

Lsty = λCXLCX(G,S) + λFMLFM(G,S) (6)

where LCX denotes contextual loss [35] and LFM denotes feature matching loss
[23]. To preserve the content features we use an identity loss [9] between G
and the reconstructed content image g(w+) thus constituting a content loss as
follows.

Lcont = λIDLID(G, g(w+)) (7)

where LID represents identity loss. Adding the standard StyleGAN adversarial
loss Ladv, our complete objective function takes the form of

min
G

max
D

λadvLadv + Lsty + Lcont

Stage II - Conditional Refinement: Stage I transforms StyleGAN’s gen-
erative space to a narrow domain, failing to capture the diversity of styles con-
tained in S as shown in Fig 5b. We use paired data of ground truth sketches
and their photo-realistic counterparts as conditional supervision to broaden the
generative domain. Given a sketch image S and corresponding photo P , we get
the W+ latent space embeddings as w+

s = f(E(S)) and w+
p = f(E(P )), and use

them to obtain the generated sketch G = g′(w+
p , w

+
s ). In addition to the losses

used in stage I, we use perceptual loss [26] for G to reconstruct S thereby learning
a varied set of style specific transformations. We also introduce a regularization
term in Lcont which is the L2 norm of the convolution weights comprising our
style adaptation blocks. Therefore, Eq 7 changes to

Lcont = λIDLID(G, g(w+
p )) + λreg||W ||2 (8)
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(a) input (b) after stage I (c) after stage II

Fig. 5: Results after each stage of progressive transfer learning. At the end of
stage I, the model converges to an average representative style as seen in (b)
where the eyes, nose and mouth are sketched in a similar manner. Stage II
widens the model’s generative space to capture subtle style variations resulting
in better identity preservation as shown in (c).

where W represents the weight matrices of the trainable convolution layers. This
regularization term controls the degree of style adaptation and helps prevent
overfitting. Thus, the objective function modifies to

min
G

max
D

λadvLadv + λpercLperc + Lsty + Lcont

4 Experiments

In this section, we assess the effectiveness of our proposed method by conducting
comprehensive evaluations, which include qualitative and quantitative compar-
isons.
Datasets : We carry out our experiments on the FS2K dataset [11], which
stands as the most extensive publicly available FSS (Face Sketch Synthesis)
dataset to date. This dataset comprises a substantial collection of 2,104 photo-
sketch pairs, featuring a wide diversity of image backgrounds, skin tones, sketch
styles, and lighting conditions. These sketches are classified into three distinct
artistic styles. We also use the CUHK dataset [53], which comprises mostly of
asian faces, to measure our method against DualstyleGAN, a technique that in-
troduces a bias of shape characteristics within the results. We further experiment
with AP-Drawing dataset [57] to evaluate our method’s ability to generalize and
adapt to challenging sketching scenarios.
Comparison methods: We compare our method to other state of the art meth-
ods that have shown good performance in facial sketch synthesis, like HIDA [14],
FSGAN [11], DualStyleGAN [55] and AdaAttN [34].
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4.1 Quantitative Analysis

To quantitatively compare our method with others, we utilize four performance
metrics: Learned Perceptual Image Patch Similarity (LPIPS) [59], Structure Co-
Occurrence Texture (SCOOT) [12], Feature Similarity Measure (FSIM) [58] and
ID loss [9]. Lower LPIPS and ID loss value suggests a more realistic synthesized
sketch, while higher SCOOT and FSIM values indicate better similarity with
artist-drawn sketches. We present the average SCOOT, LPIPS, FSIM and ID loss
values across all test samples in Table 1. More details on quantitative evaluations
can be found in supplementary material.

Method SCOOT ↑ LPIPS ↓ FSIM ↑ ID ↓
HIDA 0.4433 0.3214 0.3660 0.0241
FSGAN 0.3621 0.2890 0.3692 0.0424
AdaAttN 0.4670 0.2600 0.3806 0.0233
DualStyleGAN 0.4490 0.3012 0.3631 0.0247
Ours 0.5603 0.2303 0.4283 0.0206

Table 1: Quantitative comparison of AdaAttN [34], FSGAN [11], HIDA [14] and
DualStyleGAN [55] with our method based on SCOOT, LPIPS, FSIM and ID
loss. Our method shows considerably better SCOOT and ID loss values indicat-
ing more visually appealing and recognizable results.

4.2 Qualitative Analysis

Visually comparing our PS-StyleGAN with leading methods, namely FSGAN
[11], HIDA [14], DualStyleGAN [55], and AdaAttN [34], we observe that our
method excels in rendering eyes and lips, showcasing sharper details and en-
hanced realism, see Fig 6. Our results are visually most similar to DualStyle-
GAN but their method also learns shape biases in the dataset hence affecting
recognizability. DualStyleGAN often changes the gaze direction and shape of
lips too. The Attentive Affine transform blocks in PS-StyleGAN contribute to
a superior balance between artistic expression and accuracy, resulting in more
visually appealing and faithful representations of facial features.

5 Conclusion

We introduced Portrait Sketching StyleGAN (PS-StyleGAN), an ap-
proach tailored specifically for the intricate color transformation demands in
portrait sketch synthesis. Leveraging the semantic W+ latent space of Style-
GAN, our method not only generates portrait sketches but also allows meaning-
ful edits, such as pose and expression alterations, while preserving identity. The
incorporation of Attentive Affine Transform blocks, fine-tuned through extensive
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Fig. 6: Comparison of our method with other state of the art methods on the 3
styles (inset) of FS2K: style 1 (row 1), style 2 (row 2), style 3 (row 3). From left
to right : Input identity image, Ours, DualStyleGAN [55], HIDA [14], FSGAN
[11], AdaAttN [34].

experimentation, allows us to adapt StyleGAN outputs in an inversion-consistent
manner by considering both content and style latent features. The model demon-
strates efficacy with minimal paired examples (approximately 100) and boasts
a short training time, contributing to its practical applicability. However, our
method may be susceptible to data bias, and performance could vary across
datasets. Additionally, one noteworthy limitation is the current inability to gen-
erate realistic accessories in the synthesized sketches. Future work could focus on
addressing these limitations to enhance the utility of the proposed PS-StyleGAN
further.
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