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Abstract

We present an efficient framework for identity-preserving face swapping into scenic portrait sketches.
First, we analyze latent identity representations via a StyleGAN-based face cartoonization pipeline.
Our analysis reveals domain-dependent shifts in StyleGAN’s identity encodings when mapping pho-
tos to sketches, underscoring the need for cross-domain consistency. Second, we introduce Portrait
Sketching StyleGAN (PS-StyleGAN), a novel GAN architecture with attentive affine-transform blocks.
These blocks learn to modulate a pretrained StyleGAN’s style codes by joint content-and-style attention,
thereby learning style-specific identity transformations. PS-StyleGAN requires only a few photo-sketch
pairs (and short training) to learn each style, making it broadly adaptable. Thus, PS-StyleGAN pro-
duces editable, expressive portrait sketches that faithfully preserve the input identity. Third, we extend
diffusion-based generative modeling by adapting InstantID for sketch synthesis. Our diffusion mod-
ule integrates strong semantic identity embeddings and landmark guidance (inspired by InstantID’s
IdentityNet) to steer high-fidelity portrait generation. This yields personalized sketches with markedly
improved identity fidelity while requiring only zero-shot (tuning-free) personalization. Finally, moti-
vated by recent diffusion-based face-swapping advances, we build a real-time end-to-end pipeline. By
encoding facial identity and pose as conditioning inputs and optimizing the diffusion process for speed,
our system can seamlessly embed user faces into tourist-style sketches on the fly. Extensive evaluations
on standard benchmarks confirm that our methods significantly enhance identity preservation and visual
quality compared to prior approaches, advancing the state of the art in generative portrait stylization and

face swapping.
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Chapter 1

Introduction

Facial identity has a profound signi cance in human perception and social interaction. In biometric
recognition systems, facial identity is classi ed as a physiological characteristic - a measurable biolog-
ical trait that uniquely identi es an individual [1]. The combination of facial geometry, texture, and
proportions creates a unigue signature that the human brain is remarkably adept at processing and rec-
ognizing. While biometric approaches focus primarily on permanent physiological features, the concept
of facial identity extends beyond this limited framework. Visual artforms throughout history reveal a
more nuanced understanding, as they capture the stillness of a moment in an individual's life rather
than just their permanent characteristics. This expanded conception of facial identity encompasses both
permanent traits and impermanent features such as the frame of the face, facial hair, and other transient
attributes that contribute to one's visual identity. From prehistoric cave paintings to Renaissance por-
traits and modern digital imagery, artists have documented this comprehensive view of facial identity
through various mediums, demonstrating the timeless value of portraiture in human culture; see Fig.
1.1.

Portraiture as an art form inherently explores identity through visual representation. Beyond mere
physical resemblance, portraits capture personality, social status, emotional states, and cultural contexts
[2]. Artists make deliberate choices about style, composition, and technique to convey speci c aspects
of identity, resulting in works that transcend simple representation to become interpretative expressions
of the subject's essence.

The case of artist Chuck Close provides a fascinating perspective on identity encoding in portraiture.
Despite suffering from prosopagnosia (face blindness)—a neurological condition that impaired his abil-
ity to recognize faces in three-dimensional space - Close created remarkable photorealistic portraits [3].
His work demonstrates how two-dimensional artistic representation can systematically encode identity
even when the artist's own facial recognition systems are compromised. Close developed a methodi-
cal grid-based approach to portraiture that allowed him to translate facial features into visual art with
extraordinary precision despite his perceptual limitations.

From a neurological standpoint, facial identity recognition is a specialized cognitive function with
dedicated neural pathways. Research indicates that the fusiform face area (FFA) in the temporal lobe
plays a crucial role in facial recognition processes [4]. This dedicated neural architecture underscores



(a) An ivory carving found (b) Egyptian funeral por-(c) Oil painting of Mona(d) Digital poster of Barack
in Doln” Vestonice datedtrait for Eutyches of aboutLisa by Leonardo Da VincDbama by American artist
24,000 BCE 100 to 150 AD during the 16th century Shepard Fairey in 2008

Figure 1.1: (a) The statuette made from mammoth ivory represents one of the earliest attempts to cap-
ture human likeness of a face. It can be recognized as a portrait because of its distinct individual
features—such as an asymmetrical eye and a chin dimple—revealing it as the depiction of a real, living
woman. (b) the Egyptian funeral portrait of Eutyches (100-150 AD) shows the evolution of identity
preservation in ancient civilizations. (c) Leonardo Da Vinci's Mona Lisa from the 16th century demon-
strates the Renaissance mastery of capturing subtle facial characteristics. (d) Shepard Fairey's digital
poster of Barack Obama from 2008 illustrates how facial identity continues to be powerful in contem-
porary digital art.

the evolutionary importance of facial identity recognition for human social interaction and survival. The
brain processes faces holistically rather than as collections of individual features, enabling rapid and
accurate identi cation even under varying conditions of lighting, angle, and expression.

Across different visual media, identity representation varies signi cantly due to the inherent charac-
teristics of each medium. In photography, identity is captured with high delity to physical appearance.
In painting, the artist's interpretation and style in uence the representation. In caricature, identity is
expressed through the exaggeration of distinctive features. Each medium creates unique perceptual
challenges and opportunities for identity preservation [5].

In the speci c domain of sketches and line art, human perception operates under distinct constraints.
As Hertzmann [6] explains, line drawings represent a signi cant abstraction from natural images, yet
humans interpret them with remarkable ease. Lines in sketches often correspond to object boundaries,
depth discontinuities, and surface orientation changes, forming a perceptual shorthand that the human
visual system readily interprets. This abstraction poses unique challenges for computational systems
that attempt to preserve identity in sketch-based representations.

This brings us to the core challenge addressed in this thesis: face swapping as a disentanglement

problem. To successfully swap faces across domains, we must separate facial identity from other seman-
tic attributes such as expression, pose, lighting, and style. This disentanglement becomes particularly



complex when transitioning between photorealistic and non-photorealistic domains, where the visual
cues that signify identity may be represented in fundamentally different ways. Automating this process
for a large-scale system requires sophisticated approaches that can maintain identity consistency while
adapting to the stylistic requirements of the target domain.

Face swapping in non-photorealistic domains presents a complex challenge that can be decomposed
into three interconnected problems:

1. Identity Representation: This involves extracting and encoding the distinctive characteristics
that constitute an individual's facial identity. The challenge lies in creating representations that
capture identity-speci c features while remaining robust across different poses, expressions, and
lighting conditions. In non-photorealistic domains such as sketches, the identity representation
must adapt to the stylistic constraints of the medium.

2. Face Reenactment This component focuses on transferring expressions, pose, and other non-
identity attributes from a source face to a target identity. The system must preserve the target's
identity while accurately reproducing the source's dynamic attributes, creating a natural-looking
synthesis.

3. Style Transfer: This entails adapting the facial representation to conform to the stylistic char-
acteristics of the target domain. For sketch-based face swapping, this means translating photo-
realistic facial details into line-based representations that follow the conventions of the sketch
medium.

A comprehensive face swapping system must seamlessly integrate these three tasks, maintaining
identity consistency while adapting to the stylistic requirements of the target domain and preserving the
expressive characteristics of the source face.

The applications of such technology are diverse and impactful. In entertainment, it enables the
creation of personalized content where users can insert themselves into various media. In education,
it can facilitate engaging historical or scienti ¢ visualizations. In virtual reality, it supports enhanced
avatar customization for more immersive experiences.

A particularly compelling application—and the focus of this thesis—is in tourist settings where vis-
itors can obtain personalized scenic sketches featuring their own faces. This real-time face swapping
system would capture a tourist's facial identity and seamlessly integrate it into artistic renderings of
landmarks or landscapes, creating unique, personalized souvenirs. Such a system must operate ef -
ciently with minimal latency to provide a smooth user experience in high-traf ¢ tourist locations.

The primary objective of this thesis is to develop and analyze methods for performing cross-domain
face swapping, with a particular focus on generating sketch-based representations that preserve facial
identity. Furthermore, we aim to design an optimized system that satis es real-world performance
requirements for practical applications.

Our major contributions are as follows:



« We modify a face re-enactment pipeline to generate faces in the 'cartoon' domain. Through
this work, we demonstrate that identity distributions shift signi cantly when changing domains,
revealing a fundamental correlation between identity representation and style domain. This nd-
ing has important implications for cross-domain identity preservation techniques, suggesting that
identity encodings must be adapted to account for domain-speci ¢ characteristics. (Chapter 3)

* We introduce PS-StyleGAN for portrait sketch generation, which directly addresses the domain-
dependency of identity representation through novel style modulation wrappers. This approach
explicitly models the correlation between identity features and artistic style to maintain identity
consistency across domains. (Chapter 4)

» We explore and extend InstantID, a diffusion-based approach that generates superior results. We
adapt this method speci cally for the sketch domain using personalized styles, enabling high-
quality portrait sketch generation with preserved identity features. (Chapter 5)

« We design an end-to-end system built on our modi ed InstantlD pipeline, incorporating both
qualitative and quantitative optimizations to achieve near real-time performance. This system
balances computational ef ciency with output quality, making it suitable for practical applications
in tourist settings where responsiveness is crucial. (Chapter 6)

This thesis is organized into seven chapters. Following this introduction, Chapter 2 reviews the state-
of-the-art in facial identity representation, face reenactment, style transfer, and face swapping, with
particular attention to cross-domain applications. Chapter 3 explores domain-speci ¢ identity represen-
tation through a modi ed face re-enactment pipeline with cartoonization capabilities. Chapter 4 presents
a GAN-based approach with PS-StyleGAN featuring attention-based style adaptation, while Chapter 5
a diffusion-based approach adapting InstantID for the sketch domain using DreamBooth, Textual Inver-
sion and LoRA techniques. Chapter 6 develops an end-to-end system for real-time face swapping in
sketch domains, with detailed analysis of qualitative and quantitative optimizations. Finally, Chapter 7
summarizes our ndings, discusses limitations, and suggests directions for future research.



Chapter 2

Related Works

2.1 Identity Representation

High- delity face generation requires robust identity encodings. Early approaches used deep face
recognition models [7, 8] to extract identity features, but these were trained for classi cation rather than
generation. Seminal works such as CosFace [9] and ArcFace [10] introduced large-margin losses that
greatly improved identity discrimination by increasing intra-class compactness and inter-class separabil-
ity. Recent works by Zheng et al. [11] introduce FaRL, which enhances facial representation by re ning
the pretrained CLIP architecture [12]. Their approach develops more expressive facial token represen-
tations through ne-tuning on extensive datasets containing face-text pairs. These embeddings have
been reused as identity encodings in generative models in the form of loss functions and conditional
inputs. However, they remain optimized for single-view recognition, losing ne identity details across
poses and expressions. Recognizing this limitation, recent works design identity representations specif-
ically for generation. For example, Qian et al. [13] propose Omni-ID, a generative identity encoder that
consolidates multiple images of a person into a single feature. Omni-ID is trained with a few-to-many
reconstruction objective, so it learns holistic identity features across varied expressions and poses. This
approach outperforms conventional discriminative encoders in preserving identity in new poses and
styles but its integration into existing frameworks incurs huge training costs. In summary, face gener-
ation pipelines typically rely on pretrained identity encoders (ArcFace) over task-speci ¢ variants (like
Omni-ID) to preserve identity when swapping and stylizing faces.

2.2 Style Transfer

Artistic style transfer has evolved from Non-Photorealistic Rendering (NPR) and classical neural
methods to modern GAN and diffusion approaches. NPR methods [14-18] rely on ground truth ge-
ometry, which is noisy near detailed parts of the face like eyes, nose and lips resulting in dimin-
ished quality. Gatys et al. [19] pioneered neural style transfer by matching deep CNN feature statis-
tics, but their iterative optimization is slow. Subsequent work trained feed-forward networks for real-
time stylization [20, 21], achieving similar quality via perceptual losses. Arbitrary style transfer meth-



ods then incorporated feature normalization tricks: AdalN [22] aligns mean/variance in feature space,
SaNet [23] and AdaAttN [24] perform feature statistics alignment on attention-weighted mean/variance
and WCT [25] uses whitening/coloring transforms for universal stylization. Many extensions like multi-
scale CNNs [26] have been proposed to improve content preservation and exibility but fail to capture
the nuances of identity representation in the stylized domain.

Parallel to CNN-based methods, GAN architectures [27] were applied to style transfer. Unpaired
image-translation models like CycleGAN [28], MUNIT [29] and StarGAN [30] learn domain mappings
without paired data, enabling photorealistic or artistic style transfers (e.g., photo-to-painting, day-to-
night). More recently, large diffusion models have been used for style transfer. For instance, LSAST [31]
uses step-aware prompts in a pretrained Stable Diffusion to impose ne-grained artistic styles while
preserving content structure. Similarly, DiffStyler [32] uses a diffusion model with LoORA modules and
mask-based injections to achieve localized, arbitrary style transfer. These diffusion-based methods can
generate highly realistic stylizations, complementing earlier CNN/GAN approaches.

2.3 Cross-Domain Face Synthesis

Cross-domain face synthesis treats tasks like can be modelled as an image translation problems for
tasks like photo-to-cartoon or photo-to-sketch. Early paired methods include pix2pix [33], which learns
supervised translations, while CycleGAN [28] introduced cycle-consistency for unpaired domains. Ex-
tensions such as UNIT [34], MUNIT [29] and UGATIT [35] disentangle content and style to allow
multimodal outputs. Even though training such generators is notoriously dif cult, modern image to
image translation methods [36, 37] have shown impressive results and tremendous potential.

In the speci ¢ context of faces, specialized networks have been developed: CartoonGAN [38] was
one of the rst GANSs to convert photos into cartoon styles; CariGANSs [39] targeted photo-to-caricature
conversion by decoupling geometric exaggeration and appearance stylization. Other work focuses
on face-to-sketch or face-to-anime translation using similar GAN architectures and carefully curated
datasets. These models typically preserve facial structure (via losses or latent-sharing) while altering
style. Recent diffusion-based approaches also support cross-domain translation. For example, pretrained
text-to-image diffusion models can be guided (via conditioning or prompts) to translate a face into a dif-
ferent domain (e.g. sketch or cartoon) without task-speci ¢ retraining. Although not yet as common as
GANSs for cross-domain faces, diffusion pipelines (with control networks or specially trained prompts)
demonstrate strong qualitative results for style-domain translations. Overall, cross-domain face synthe-
sis has matured from supervised pix2pix networks [33] to versatile GANs [30, 34,38] and even diffusion
models for translating faces across diverse visual domains.



2.4 Face Swapping

Face swapping combines identity preservation with expression or pose transfer. Classical pipelines
often relied on 3D face models, but modern approaches use deep networks. FSGAN [40] was among the
rst to propose subject-agnostic face swapping and reenactment: given a source and target face, FSGAN
uses landmark-based reenactment and blending networks to swap identities without subject-specic
training. Later works like FaceShifter [41] and SimSwap [42] improved photo-realism by disentangling
identity and attributes via additional training losses. Diffusion models have also entered face swapping:
DreamlD [43] is a recent diffusion-based method that explicitly uses triplet-1D training for sharp, high-
delity swaps in a single step. Across these methods, the key is enforcing the source identity while
maintaining the target's pose/expression. In the realm of stylized faces, there is growing interest in
combining style transfer with face reenactment. For example, ToonAging [44] jointly performs face
re-aging and cartoon-style transfer, fusing age features with illustrative style in one generative step.
While fully integrated stylized face reenactment remains an emerging area, initial works suggest that
disentangled latent representations can blend identity, expression, and artistic style.

2.5 Ef cient Generative Pipelines

Diffusion models achieve remarkable quality but are computationally intensive. A major research
direction is accelerating inference and scaling up. Latent diffusion [45] is one strategy: it compresses
images via a frozen VAE so that diffusion operates in a lower-dimensional latent space, drastically re-
ducing compute compared to pixel-space diffusion. Other work optimizes the sampling process: for
instance, Song and collaborators proposed DDIM sampling and related solvers to reduce the required
denoising steps. DPM-Solver [46] achieves high-quality images (e.g. FID of about 4.7) with as few
as 10-20 function evaluations, yielding upto 5% speedups. Salimans and Ho [47] introduce progres-
sive distillation, training a small-step diffusion by distilling from a larger one (they report good results
with only 4 steps on CIFAR-10). Architectural optimizations have also been pursued. DiffuSM [48] re-
place the standard attention-based U-Net with state-space-model layers, greatly reducing GFLOPs while
matching image quality. Overall, ef cient diffusion pipelines leverage latent representations, advanced
ODE solvers, distillation, and novel model architectures to approach real-time performance without
sacri cing delity.

These recent developments demonstrate that combining attention mechanisms, surrogate supervi-
sion, contrastive identity modeling, and diffusion generation signi cantly improves identity preservation
in face swapping. Our work draws from these directions and applies them to the novel and challenging
context of stylized scenic sketches, contributing both new architectural insights and a practical real-time
implementation.



Chapter 3

Identity Distribution Analysis in StyleGAN-based Domain Transfer

In the pursuit of effective identity-preserving face swapping across domains, we rst need to un-
derstand how identity representation varies between different visual domains. This chapter explores
the relationship between facial identity representation and visual domains through a face cartoonization
framework. Speci cally, we investigate how facial identity information behaves when transformed from
the photorealistic domain to the cartoon domain, with the hypothesis that identity features may manifest
differently depending on the visual style.

3.1 Introduction

Cartoonization represents an important case study in cross-domain face synthesis, as it involves
signi cant abstraction from photorealistic details while still needing to maintain recognizable identity.
Unlike other artistic styles that add intricate textures like brush strokes or shading lines, cartoon images
achieve their distinctive aesthetic through simpli cation and abstraction. Common features of cartoon
images include well-de ned edges, consistent smooth color shading, and relatively plain textures [38].

Our approach leverages the expressive latent space of StyleGAN [49] paired with a cartoon generator
to transform facial images into the cartoon domain while preserving identity and pose information. By
analyzing the behavior of identity embeddings before and after cartoonization, we demonstrate that
identity distributions shift signi cantly when changing domains, revealing a fundamental correlation
between identity representation and style domain.

3.2 Methodology

3.2.1 System Overview

Our cartoonization framework (Figure 3.1) takes two images as input; an identity ilgpar(d a
pose imagel(). The system extracts the required features from these images using dedicated enEqgders—
for identity andE, for pose. These features are processed through a Multi-Layer Perceptron (MLP) that
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