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Figure 1: Given one or several sketch-image pairs as training data, our CustomSketching can learn a novel sketch concept into a text token
[v] and specific sketches. We decompose a sketch into shape lines (blue strokes) and detail lines (red strokes) to reduce the ambiguity in a
sketch. Users may input a text prompt and a dual-sketch to re-create or edit the concept at a fine-grained level.

Abstract

Personalization techniques for large text-to-image (T21) models allow users to incorporate new concepts from reference images.
However, existing methods primarily rely on textual descriptions, leading to limited control over customized images and failing
to support fine-grained and local editing (e.g., shape, pose, and details). In this paper, we identify sketches as an intuitive
and versatile representation that can facilitate such control, e.g., contour lines capturing shape information and flow lines
representing texture. This motivates us to explore a novel task of sketch concept extraction: given one or more sketch-image
pairs, we aim to extract a special sketch concept that bridges the correspondence between the images and sketches, thus enabling
sketch-based image synthesis and editing at a fine-grained level. To accomplish this, we introduce CustomSketching, a two-stage
[framework for extracting novel sketch concepts via few-shot learning. Considering that an object can often be depicted by a
contour for general shapes and additional strokes for internal details, we introduce a dual-sketch representation to reduce the
inherent ambiguity in sketch depiction. We employ a shape loss and a regularization loss to balance fidelity and editability
during optimization. Through extensive experiments, a user study, and several applications, we show our method is effective
and superior to the adapted baselines.
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1. Introduction

The recent advent of large text-to-image (T2I) models [SCS*22,
RPG*21,RBL*22] has opened up new avenues for image synthesis
given text prompts. Based on such models, personalization tech-
niques like [GAA*22, RLJ*23, KZZ*23] have been proposed to
learn novel concepts on unseen reference images by fine-tuning the
pre-trained models. Users can employ text prompts to create novel
images containing the learned concepts in diverse contexts by lever-
aging the significant semantic priors of these powerful generative
models.

However, the existing personalization methods fail to accurately
capture the spatial features of target objects in terms of their ge-
ometry and appearance. This limitation arises due to their heavy
reliance on textual descriptions during the image generation pro-
cess. While some following works like [AAF*23, CHL*23b] have
attempted to address this issue by incorporating explicit masks or
additional spatial image features, they are still limited to providing
precise controls and local editing on fine-grained object attributes
(e.g., shape, pose, details) for the target concept solely through text.

To achieve fine-grained controls, sketches can serve as an in-
tuitive and versatile handle for providing explicit guidance. T2I-
Adapter [MWX*23] and ControlNet [ZRA23] have enabled the
T2I models to be conditioned on sketches by incorporating an ad-
ditional encoder network for sketch-based image generation. Such
conditional methods perform well when an input sketch depicts the
general contour of an object (e.g., the blue strokes in Figure 2 (b)).
However, we observed they struggle to interpret and differentiate
other types of sketches corresponding to specific local features in
realistic images. As illustrated in Figure 2, these methods fail to
correctly interpret detail lines for clothing folds and flow lines for
hair texture (the red strokes in (b)). The primary reason behind
the issue is that the sketch dataset used to train the conditional
networks [MWX*23, ZRA23] is inherently ambiguous since it is
generated automatically through edge detection on photo-realistic
images. Consequently, directly incorporating a pre-trained sketch
encoder with personalization techniques proves challenging when
attempting to customize a novel concept guided by sketches.

Based on the aforementioned observation, we propose a novel
task of sketch concept extraction for image synthesis and editing to
tackle the issue of sketch ambiguity. The key idea is to empower
users to define personalized sketches corresponding to specific lo-
cal features in photo-realistic images, i.e., novel sketch-to-image
mappings unseen by the pre-trained models. Users can sketch their
desired concepts by first tracing upon one or more reference images
and then manipulating the learned concepts by sketching, as shown
in Figure 1.

To achieve sketch-based editability and identity preservation,
we propose a novel personalization pipeline called CustomSketch-
ing for extracting sketch concepts. Note that this pipeline is a
generic and few-shot method learned on one or several user-
provided sketch-image pairs. It is built upon a pretrained T2I model
and incorporates additional encoders to extract features from the
sketch input. Since a single image may exhibit diverse local fea-
tures corresponding to different types of sketches, we employ a
dual-sketch representation via two sketch encoders to decouple
shape and detail depiction. Our pipeline consists of two stages:

"a photo of a
clothes with folds"

"a photo of a
woman with hair't

(a) Reference 1 Y

& Prompt (b) Sketch  (c¢) T2I-Adapter (d) ControlNet (e) Ours
Figure 2: Given a text prompt (a-bottom) and a sketch (b) depict-
ing specific semantics (e.g., clothing folds and hair), T2I-adapter
(c) and ControlNet (d) could not correctly interpret the out-of-
domain sketch types, while our method can extract such a novel
sketch concept and reconstruct the reference image (a-top). Note
that the reference image is not used by T2I-adapter and Control-
Net, which are a pre-trained model to sample new content but not
to manipulate a given reference image, and their results are for ref-
erence only.

in Stage I, we optimize a textual token for global semantics but
freeze the weights of the sketch encoders. This stage is important
to provide stable semantic priors to avoid overfitting on the lim-
ited (1-6) training samples and enable high sketch-editability for
generic categories. In Stage II, we jointly fine-tune the weights of
the sketch encoders and the learned token to reconstruct the refer-
ence images in terms of local appearance and geometry. To prevent
overfitting, we perform data augmentation and introduce a shape
loss for sketch-guided shape constraint and a regularization loss
for textual prior preservation.

To the best of our knowledge, our method is the first work to ex-
tract sketch concepts using large T2I models, thus providing users
with enhanced creative capabilities for editing real images. To eval-
uate our method, we collect a new dataset including sketch-image
pairs and the edited sketches, where each sketch comprises a dual
representation. Through qualitative and quantitative experiments,
we demonstrate the superiority and effectiveness of CustomSketch-
ing, compared to the adapted baselines. Given the absence of a
definitive metric to measure the performance of image editing, we
conduct a user study to gather user insights and feedback. Addi-
tionally, we showcase several applications enabled by our work.

The contributions of our work can be summarized as follows. 1)
We propose the novel task of sketch concept extraction. 2) We in-
troduce a novel framework that enables a large T2I model to extract
and manipulate a sketch concept via sketching, thereby improving
its editability and controllability. 3) We create a new dataset for
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comprehensive evaluations and demonstrate several sketch-based
applications enabled by CustomSketching.

2. Related Work

Text-to-Image Synthesis and Editing. Text-to-image (T2I) gen-
eration has made significant strides in recent years, achiev-
ing remarkable performance. Early works [RAY*16, XZH*18,
ZXL*17,ZXL*18,ZKB*21] employed RNN [CVMBB14, HS97]
and GANs [GPAM™ 14, BDS18, KLA19] to control image gen-
eration, processing, and editing in specific scenarios, such as
human faces [XYXW21], fashion [MMJ*20], and colorization
[ZMG™19]. These works rely on well-prepared datasets tailored
to the target scenarios, posing a bottleneck in dataset availability.
To alleviate this limitation, subsequent studies [AZF*22, BAC*21,
GPM*22,MTY*22,PWS*21,CBK*22] adopted CLIP [RKH*21],
a large language-image representation model based on Transformer
[VSP*17], to align image-text features and achieve robust perfor-
mance in text-driven image manipulation tasks. Nonetheless, these
approaches are still confined to limited domains, challenging their
extension to other domains.

The emergence of diffusion models [HJA20, SE19, SME20,
DN21, RPG*21, RBL*22] trained with large-scale image-text
datasets allows for universal image generation from open-domain
text, surpassing previous works based on GANSs. Leveraging the
power of diffusion models, several approaches have been pro-
posed to manipulate images globally using text [BHE23,CVSC22,
KZL*23,VKM*23,CWQ*23] and locally using masks [WSM*23,
NDR*22, PGA*23]. For example, Mokady et al. [MHA*23] pro-
posed an inversion method that first inverts a real image into la-
tent representations, given which the method enables text-based im-
age editing (e.g., changing local objects or modifying global image
styles) by manipulating cross-attention maps [HMT*22]. Blended
Diffusion [ALF22, AFL23] can merge an existing object into a real
image. However, these approaches face challenges in modifying
the fine-grained object attributes of real images due to the abstract
nature of the text. Building upon Stable Diffusion [RBL*22], our
method addresses this issue by incorporating sketches as an intu-
itive handle to manipulate real images. Inspired by [HMT*22], we
introduce a shape loss that leverages cross-attention maps to pro-
vide guidance based on sketches.

Personalization Techniques. The personalization task is to pro-
duce image variations of a given concept in reference images.
GAN-based methods for this task only focus on the same cate-
gory (e.g., aligned faces) [RAP*21, NAH*22] or on a single im-
age [VHZH21], and thus could not manipulate images in a new
context. Most recently, diffusion-based methods based on T2I mod-
els optimize a new [GAA*22] or rare [RLJ*23] textual token to
learn the novel concept and generate the concept in diverse con-
texts via text prompting. For fast personalization, many researchers
[CHL*23a, GAA*23,JZC*23,SXLJ23, WZJ*23, CHL*23b] intro-
duce a prior encoder with local and global mapping to save op-
timization time. For multi-concept personalization, Avrahami et
al. [AAF*23] fine-tuned a set of new tokens and the weights of a de-
noising network from a single image given masks, while Kumari et
al. [KZZ*23] optimized only several layers of the network based on
a few images. Unlike these two methods, which need to fine-tune

© 2024 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

simultaneously the multi-concepts that are desired in generation,
our method can separately extract sketch concepts for diverse tar-
gets and then work for multi-concept generation by plug-and-play
without extra optimization (see Figure 11 (c)).

However, the existing personalization works do not allow precise
control for novel concept generation and thus could not work for
local or detailed editing (e.g., addition, removal, modification) of
the learned concept. To address the issue, we introduce a new task
of sketch concept extraction by optimizing sketch encoder(s) given
one or more sketch-image pairs.

Sketch-based Image Synthesis and Editing. As an intuitive
and versatile representation, sketch has been extensively explored
to achieve fine-grained geometry control in realistic image syn-
thesis and editing. For instance, Sangkloy et al. [SLF*17] utilized
colored scribbles to depict geometry and appearance and synthe-
sized images of various categories such as bedrooms, cars, and
faces. Similarly, Chen et al. [CH18] employed freehand sketches
to learn shape knowledge for diverse objects. Chen et al. [CSG*20,
CLL*21] and Liu et al. [LCL*22] utilized line drawings for image
synthesis, editing, and video editing of human faces. In Sketch-
HairSalon [XYH*21], flow lines are used to represent unbraided
hair, while contour lines depict braided hair. For local editing,
a partial sketch has been adopted for minor image editing, e.g.,
FaceShop [PHS* 18], Sketch2Edit [ZLP22], Draw2Edit [XGPS23].
Unlike the previous works that train dedicated networks for specific
domains or limited object categories, our method is generic and
few-shot, which can handle versatile sketches for image synthesis
and editing using a pre-trained T2I model.

Recently, sketch-based T2I diffusion models have also been ex-
plored [WKLQ23, CCC*23, PZX*23]. Voynov et al. [VACO23]
utilized sketches as a shape constraint for optimizing the latent
map in a diffusion model, while T2I-Adapter [MWX*23] and Con-
trolNet [ZRA23] are two concurrent works that train an external
sketch encoder connected to a pre-trained diffusion model to en-
able sketch control. However, directly integrating these methods
with personalization techniques may not accurately extract sketch
concepts for all types of sketches (Figure 2), since the models
[MWX*23,ZRA23] are biased towards training data, specifically
edge maps automatically detected from images. We will establish
this setup for the existing personalization methods as baselines to
compare with our method, though we are the first to customize
novel sketch concepts.

3. Method

Based on a pre-trained T2I diffusion model [RBL*22], our goal is
to embed a new sketch concept into the model, enabling the syn-
thesis and manipulation of diverse semantics in reference images
through sketching and prompting (see Figure 1). To this end, we
propose a novel few-shot framework, CustomSketching, which ex-
tracts a sketch concept from a small number of (one or several)
reference images I and their corresponding sketches S. As illus-
trated in Figure 3, the framework comprises two training stages
to reconstruct the reference image. During the training stage, the
inputs include reference images I, the corresponding sketches S,
and a templated text. Note that reference images / are only pro-
vided during training. During inference, users can flexibly control
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Figure 3: The pipeline of our CustomSketching, which extracts novel sketch concepts for fine-grained image synthesis and editing via a
two-stage framework. During training, given one or a few sketch-image pairs, Stage I only optimizes a textual embedding of a newly added
token [v] to represent the global semantics of the reference image(s), while Stage II jointly fine-tunes the token and two sketch encoders to
reconstruct the concept in terms of local appearance and geometry. We adopt a dual-sketch representation to differentiate shape lines Sc and
detail lines Sp. During inference, users may provide a text prompt and a dual-sketch to manipulate the learned concept.

the generation of a target image that satisfies the context described
by a text and faithfully reflects the input sketch in terms of geom-
etry, without requiring reference images as input. In the following,
we will describe the method in detail.

Two-stage Optimization. To leverage the robust textual prior
of a large T2I model, following TI [GAA*22], we introduce a
newly added textual token [v] to capture global semantics while uti-
lizing sketch representations through sketch encoder(s) to capture
local features. Directly incorporating the personalization method
[GAA*22] with a pre-trained encoder like [MWX*23] could not
fully restore the local geometry and appearance of the target im-
age (see the results by TI-E in Figure 5). It is because it fine-tunes
merely textual embedding v for the token [v]. However, through
joint optimization of the textual embedding and the weights of the
sketch encoder(s), we encountered challenges in disentangling the
global and local representations, resulting in unsatisfactory recon-
struction (see Supp). To focus on learning separate features, in-
spired by [AAF*23], we adopt a two-stage optimization strategy.
In Stage I, we optimize the textual embedding while freezing the
weights of a pre-trained sketch encoder [MWX*23], establishing a
pivotal initialization for the next stage. In Stage II, we jointly fine-
tune the embedding and two sketch encoders to recover the target
identity. Note that, in both stages, we freeze the denoising network
of the pre-trained model to preserve its prior knowledge for editing.

Dual Sketch Representations. In Stage I, we fix the local fea-
tures from sketches to guide the learning of the global textual em-
bedding. To employ the prior knowledge of the sketch encoder
[MWX*23], which was pre-trained on a large-scale sketch dataset,
we input a binary sketch (where blue and red lines in Figure 3 are
represented as black and the background as white) similar to the

input used during pre-training. However, this single sketch repre-
sentation inherently contains ambiguity since it combines the ma-
jor contour sketch (blue lines, denoted as S¢) indicating the general
shape with other minor types of sketches (red lines, denoted as Sp)
capturing internal details (e.g., hair flow, clothes fold, wrinkles).
This inherent ambiguity is the primary factor that biases the pre-
trained sketch encoder [MWX*23,ZRA23] towards general shape,
as illustrated in Figure 2. Therefore, in Stage I, optimizing the
weights of a sketch encoder using the single-sketch representation
would still result in ambiguous image editing (see Section 4.4).

To address this issue, we propose using a dual-sketch represen-
tation that decomposes a given sketch § into two distinct types of
sketches, namely S¢ and Sp as mentioned above, for Stage II. In-
stead of merging S¢ and Sp into a single map and feeding it into a
single encoder (see Supp), we employ two separate sketch encoders
to extract features corresponding to each type of sketch individ-
ually. This configuration enables us to capture more distinct and
recognizable features for S¢ and Sp, resulting in plausible perfor-
mance in decomposing shape and details, compared to the setting of
the single-sketch representation. The features extracted from both
types of sketches are aggregated through summation before being
injected into the pre-trained T2I model.

Masked Encoder. As our focus is sketching the concept in the
foreground, the sketch map S often contains significant blank areas
representing the background. Therefore, fine-tuning the sketch en-
coder(s) on the entire map would lead to overfitting the background
regions not represented in the sketch, consequently undermining
the text-guided editability of the T2I model (see Figure 8). To ad-
dress it, we apply a foreground mask M to remove the background
features extracted from the encoder(s). The foreground mask can
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either be generated automatically by filling a convex polygon fol-
lowing Sc, or be manually drawn by users. In summary, the sketch
features are passed into the T2I model F;, along with a prompt p,
containing the token [v] to derive the fused features F. For Stage I,
we denote it as:

F' =FuS)-M + Fp(pv),i € {1,2,3,4}, )
while for Stage II:
F' = (FUSc)+Fi(Sp)) - M + Fp(py), @)

where J-"é(S) is the i-th layer sketch feature extracted by the pre-
trained encoder [MWX*23], while F.(S¢) and F(Sp) are dual
sketch representations from the fine-tuned encoders, and M; is the
resized mask fit to the feature size. We adopt four layers of the
features as used in [MWX*23].

Loss Function. To optimize the sketch concept, which involves
the embedding v and the weights of F. and F,;, we combine three
types of losses for the text- and sketch-based problem. Firstly, we
utilize a classic diffusion loss with the foreground mask M to re-
construct the target image regarding appearance and geometry. This
loss encourages the optimization to concentrate on the foreground
object depicted by the sketches, formulated as

Lrec = EZ,Z,V,]——Sﬁe [H€'M— 69(Z17t7p\/7]:s) M|”7 3)

where Fjg denotes the sketch features in the two stages, and eg is the
denoising network of the T2I model. At each optimization step, we
randomly sample a timestep ¢ from [0, 7] and add noise € ~ N(0,1)
to the image latent zy to be z;.

However, relying solely on the masked diffusion loss may not
provide sufficient constraints to ensure the faithfulness between the
sketch and the generated image. For example, as shown in Fig-
ure 4 (w/o Shape Loss), unexpected elements (monster doll) or
an incorrect pose (cat) without following the sketches would be
produced in the generated results. Motivated by previous works
[HMT*22, AAF*23, CAV*23] that leverage cross-attention maps
of the T2I model to control the layout and semantics of the target,
we propose a shape loss based on the cross-attention map of the
token [v]. The shape loss Ly, comprises a foreground loss for
guiding the concept shape to align with the sketch depiction via M,
and a background loss for penalizing foreground pixels that violate
the background region. We denote the shape loss as:

Lyg = [Inorm(Ag(z:,v))-M — M|, @
L:bg = mean(Ae(z;,v) : (1 7M))a (5)
Lshape = ‘Cfg + 'Cbg7 (6)

where Ag(z:,v) is the cross-attention maps given the latent z; and
token [v]. norm(-) is to normalize the attention map to [0, 1], while
mean(-) computes the average attention value of background pix-
els. As illustrated in Figure 4, the visualized attention maps indi-
cates the shape loss can encourage the generated results to be faith-
ful to the input sketches.

In addition, the two-stage optimization may cause the fine-tuned
embedding v to increase too large so that it overfits the reference
shape, thus damaging the sketch editability (see Figures 7 & 8).
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Figure 4: Two examples comparing the results by the methods with
and without the shape loss. In each group, the right part shows the
generated result (Top) given the edited sketch as well as a text, and
the visualized cross-attention map (Bottom) corresponding to the
textual token [v].

We, therefore, introduce a regularization loss for the embedding
via an L2 norm:

Lieg = |IVI[- @)

In total, the loss function for the two stages is:
['zoml = Lrec + kxhape‘cshape + kreg Eregv (3

where we set the weights Aggpe as 0.01 and Ayeg as 0.001 empiri-
cally.

Implementation Details. To avoid the method overfitting lim-
ited training images, we adopt on-the-fly augmentation tricks (hor-
izontal flip, translation, rotation) on the sketch-image pairs during
optimization. Please find more implementation details in Supp.

4. Experiments

We have conducted extensive evaluations to quantitatively and
qualitatively evaluate our method CustomSketching. We first show
the comparisons between our method and the personalization base-
lines adapted to our proposed task. Then, we evaluate the effec-
tiveness of our settings via an ablation study. We further conduct a
perceptive user study on the edited results by the compared meth-
ods. In addition, we implement several applications based on our
method to show the usefulness of the extracted sketch concepts.
Please find more details, comparisons, and results in Supp and
video demo.

Dataset. Before comparisons, we prepare a dataset of image-
sketch pairs covering diverse categories (e.g., toys, human portraits,
pets, buildings). We first collect images from the personalization
works [GAA*22,KZZ*23] and the sketch-based work [XYH*21].
Next, we invite three normal users without any professional train-
ing in drawing to trace the images with separate contour lines S¢
and detail lines Sp and then edit several sketches initialized with
one of the traced sketches to depict a target object by changing
its shape, pose, and/or details. Following the general instruction
that S¢ depicts a coarse shape while Sp is inside the shape, users
decided S¢ and Sp by themselves and drew them consistently for
training and testing to personalize the sketch concept. Note that the
training and testing data for a given concept are annotated by the
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Figure 5: Comparisons of the results generated by our method and three adapted baselines, given the same text prompt and sketch. In the
sketch column, the top one is the annotated sketch corresponding to the original image for training while the bottom one is an edited sketch.

same user to ensure consistency in concept manipulation. With the
soft shape/detail instruction, the three users might have slightly dif-
ferent preferences for personalization. For example, one user might
regard the contour of a human body as shape lines and the inside
clothes as detail lines, while another user prefers the inside texture
as detail lines. Since our method learns each personalized concept
separately, the inter-user preference diversity is acceptable. The set-
tings offer users a balance of freedom and controllability (see Sec.
4.3).

Finally, we obtain 35 groups of concept data. Each concept has 1-
6 image-sketch pair(s) and 3-5 edited sketches. In total, the dataset
contains 102 traced sketches with the corresponding images for
training and 159 edited sketches without paired images. Moreover,
we employ ten prompt templates for each concept, e.g., “a photo of
[v] at the beach", similar to [AAF*23]. Thus, the dataset includes
2,610=(102+159) x 10 sketch-text pairs (see Supp) for evaluation.

Metrics. We utilize prompt similarity, identity similarity, and
perceptual distance as evaluation metrics. Following the prior work
[AAF*23], the prompt similarity assesses the distance between a
text prompt and the corresponding produced images using CLIP
model [RKH*21]. For computing, the learned token [v] in the
prompt is replaced with its class, e.g., “a [v] in the office” is mod-
ified to “a woman in the office". The identity similarity measures
how the method preserves the object identity of the original im-
age when the context by text or the structure by sketch is changed.
We compute the metrics via DINO [CTM*21] features as Ruiz et
al. [RLJ*23] did. Additionally, we evaluate the perceptual distance
via the LPIPS metric [ZIE* 18] for the reconstruction error regard-
ing appearance and geometry between the ground truth and the

generated images given the traced sketches. For identity similar-
ity and perceptual similarity, we adopt the masked version of the
results and ground truth to focus on the foreground parts depicted
by sketches. Note that we evaluate prompt and identity similarity
on all the sketch-text pairs while computing perceptual similarity
only on the traced sketches with their paired images.

4.1. Comparison

To our knowledge, we are the first work to extract sketch concepts
for image synthesis and editing. To fairly compare our method
with the existing personalization techniques, we adapt two meth-
ods, TI [GAA*22] and DB [RLJ*23], to fit our proposed task by in-
troducing a pre-trained sketch encoder [MWX*23] into their meth-
ods when training and testing. Note that we do not optimize the
weights of the encoder for the two methods to keep their method
intact mostly, and we thus only use a single masked encoder to
preserve the pre-trained prior. The two methods receive the dual-
sketch representation encoded in one map (i.e., 255 for S¢ and 127
for Sp) with a mask to have the same inputs as ours. Besides the
tuning-based methods, we also compare our method with a tuning-
free method, MasaCtrl [CWQ™*23], which can work for sketch-
based editing. We directly adopt their released code that integrates
the sketch encoder [MWX*23] for comparison. All the compared
methods are based on SD v1.5 [RBL*22]. For simplicity, we refer
to the three baselines as TI-E, DB-E, and MC-E.

Figure 5 shows a qualitative comparison between our method
and the baselines. Although the editing results by the three base-
lines are generally faithful to the structure of the edited sketches,

© 2024 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



Chufeng Xiao & Hongbo Fu / CustomSketching 7of 12

Table 1: Quantitative comparisons for diverse methods.

Method Prompt T  Identity T  Perceptual |
DB-E 0.641 0.889 0.182
TI-E 0.642 0.867 0.214
MC-E 0.633 0.884 0.160
Single-sketch 0.622 0.908 0.146
W0 Lgpape 0.639 0.906 0.150
W0 Lyeg 0.618 0.909 0.142
w/o Masked F 0.620 0.911 0.141
Ours 0.632 0.912 0.134

they could not preserve the identity or style of the objects/subjects
in the original images. Specifically, DB-E can reconstruct the orig-
inal images with sketches generally (see Supp), but when editing,
it often loses the details depicted by the edited sketch and the cor-
respondence between the sketch and target concept defined by the
training sketch-image pairs. TI-E cannot recover the original iden-
tity in both reconstruction and editing since it merely optimizes
high-level text embedding. MC-E tends to drift the result’s style
from the original one. It is because a) MC adopts a pre-trained
sketch encoder with domain bias as discussed in Sec. 1, and thus it
could not work well for novel sketch concept; b) this training-free
method edits a real image by inverting it to a latent space to lever-
age the generative prior of a T2I model, but there is a domain gap
between the generated images and real images. Our method out-
performs the three baselines and maintains the original identity and
the sketch-image correspondence defined in the sketch concept.

Table 1 presents the quantitative evaluation results in the three
metrics. It demonstrates our method achieves the best identity
preservation (identity similarity) and reconstruction quality (per-
ceptual distance). However, our method sacrifices slightly the
prompt similarity since we focus on the reconstruction of the fore-
ground object with L, (see the ablation study without L, pe)-
Such sacrifice is acceptable to trade off the concept re-creation and
sketch faithfulness, as shown in Figures 5 and 6.

4.2. Perceptive User Study

To further compare our method and the three baselines, we per-
formed a perceptive user study including two evaluations: text ed-
itability study and sketch editability study. We first prepared a sub-
set (30 randomly picked concepts, 15 for text editability, 15 for
sketch editability) of our collected dataset. For text editability, we
produced the results by the three baselines and our method given a
traced sketch and a prompt randomly picked from one concept. A
participant was given a reference image, a prompt (e.g., “a photo
of the boots in the reference image in the snow"), and the four gen-
erated results in random order. We asked the participants to rate
“How the result is consistent with the prompt" on a Likert scale
of 1-5 (the higher, the better). For sketch editability, we presented
each participant with a reference image with the traced sketch, an
edited sketch, and four results (in random order) and required them
to rate “How the result is faithful to the edited sketch and consistent
with the reference identity". From 40 participants, we received 600
responses for each method in each evaluation. As shown in Fig-

© 2024 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

51 T T T 51 T T T —

! !
i H
: :
! !
i i
3.02 i i
i
|
!
4

DBE TILE MCE Ours DBE TIE MCE Ours
(a) Text Editability (b) Sketch Editability

3.90

w

~

4 14 4 — — 4

Figure 6: Box plots of the ratings in the perceptive user study. Each
value above the median line is the average rate for each method.
The higher; the better.

ure 6, the user study reflects the superiority of our method to the
baselines in both evaluations.

We also conducted one-way ANOVA tests on the rating results
and found a significant difference among the four methods for text
editability (F=203.21, p<0.001) and sketch editability (F=307.86,
p<0.001). The further paired T-tests (with p<0.001) show our
method got a significantly higher rating in the text editability term
than all the other methods, i.e., DB (=10.86), TI (t=23.96), and MC
(t=25.11). In terms of sketch editability, our method also outper-
formed the competitive methods, i.e., DB (r=14.12), TI (+=25.76),
and MC (r=26.89).

4.3. Usability Study

Note that three novice users were invited to trace the images, edit
their sketches for data collection, and participate in the perceptive
study. To further evaluate the applicability and generalizability of
our system, we conducted a usability study by collecting more feed-
back from them. For each user, we randomly showed 20 groups
of concepts of his/her tracing and editing, a prompt, and the gen-
erated image. Then, we asked them to fill in a questionnaire of
a customized five-point System Usability Scale (SUS, 1=strongly
disagree to S=strongly agree). The questions in the SUS include:
1) Easy-to-use: This system is easy to use; 2) Quality: The results
look very natural; 3) Generalizability: I can manipulate diverse ob-
jects with different edits via the system; 4) Intention Consistency:
The edited images are consistent with my annotation intention of
tracings.

Overall, our system was rated positive from every perspective,
i.e., Easy-to-use (4.33), Quality (4.67), Generalizability (4.67), and
Intention Consistency (4.33). We also asked for the users’ opin-
ions (e.g., limitations, improvement) on our system. Although they
commended our system for allowing their desired editing without
too much effort, one of them thought it would work for daily use if
they could obtain the results in real-time after tracing and editing.

4.4. Ablation Study

We ablated one of the key settings of our method to validate their
effectiveness, including 1) w/ single-sketch representation; 2) w/o
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Training Image  Training Sketch Edited Sketch Single-sketch

w/o Lshape w0 Lreg w/o Masked F Ours

Figure 7: Comparisons of our results and those by the ablated variants, given the text prompt “A photo of |v] floating on top of water".

Training Data & :
Edited Sketch 1 "_at the beach"
L /8%

"... with a mountain

" . in the office" in background" ... in the snow"

wio Lreg

w/o Masked F

Figure 8: Comparisons of the results by ours and the ablated vari-
ants using one edited sketch and diverse prompts indicating differ-
ent contexts. The prefix of the prompt is “A photo of [v] ...".

shape loss Lgpape; 3) w/o regularization loss Lreg; 4) w/o masked
encoder F. As shown in Figure 7, using the single-sketch represen-
tation could not provide sufficient constraints on shapes (e.g., the
castle and bear toy) and details (e.g., the woman’s clothes), dam-
aging the identity preservation. Removing Lgpp. Would produce
redundant parts and weaken the concept reconstruction. Without
Lyreg, the method would overfit to the original shape and worsen
the sketch editability (see Figures 7 & 8). Additionally, removing
either Lyeg or the masked F would affect a lot the text editability
for background, shown as Figure 8. It is because L, can prevent
the global embedding from enlarging significantly to outweigh the
background token, while the masked F can filter out the local back-
ground features from the empty region of the sketch. The quantita-
tive results in Table 1 further confirm the above conclusions.

Training Data Editing Results

/)

ST

(b) Concept Transfer

Figure 9: Two applications, (a) local editing and (b) concept trans-
fer, enabled by our CustomSketching. The text prompt for the re-
sults is “A photo of a [v]".

4.5. Applications

We implemented four applications enabled by our method: local
editing, concept transfer, multi-concept generation, and text-based
style variation. We showcase the applications in Figure 9-12 to

© 2024 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.
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Figure 10: The pipeline of local editing enabled by our method. Incorporating [AFL23], our method can be applied to local image editing,
which allows users to edit a local region of a given real image via sketching while keeping the unedited region intact.

demonstrate the effectiveness and versatility of CustomSketching.
Please refer to Supp for the implementation details and more re-
sults for each application.

Local Editing. Our CustomSketching can be easily applied for
local editing on the original images, including modification, addi-
tion, and removal. Users can edit the training sketch and provide
a mask for the region they want to manipulate for fine-grained lo-
cal editing. To keep the unedited region intact, we incorporate our
method with an off-the-shelf local editing method by Avrahami et
al. Figure 10 shows the pipeline of such an application. After ex-
tracting a novel concept [S]={[v], F} given reference sketch-image
pair(s), users can provide a blending mask Mp and a part sketch in-
side the mask to indicate an editing input. Then, our method blends
the local sketch with the original sketch to be an edited sketch S
fed into the learned dual-encoder F. Given the extracted sketch
feature and a prompt “a photo of a [v]", the denoising U-Net pro-
duces a foreground latent, which is blended with the background
latent inverted from the original image via Mp, to achieve the fi-
nal editing result. The two latents are blended during all the infer-
ence time steps (7=50). We also compare our method with Control-
Net [ZRA23] incorporated with [AFL23] for image local editing.
As illustrated in Figure 9 (a), our method performs much better in
preserving the identity and appearance of the original image than
ControlNet [ZRA23], thanks to our two-stage optimization.

Concept Transfer. Given different concepts separately learned
from the corresponding sketch-image pairs, our method can trans-
fer between the concepts ([S;]={[vi], Fi}) with similar semantics
via sketches. Figure 9 (b) shows an example of hairstyle transfer.
Note that we also resort to [AFL23] for local transfer.

Multi-concept Generation. For multi-concept generation, prior
works [KZZ*23, AAF*23] need to fine-tune the model on all the
concepts desired in generation jointly. Unlike these works, which
optimize the entire denoising network, we only optimize [v] and
F for one concept. This lightweight setting enables our method
to achieve plug-and-play multi-concept generation by separately
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"[51] and [S,]"

"1$:] and [Sy]"

Figure 11: The results of multi-concept generation enabled by our
CustomSketching. Our method supports separately learning each
concept and then combining them together without further opti-
mization. The prompt is “A photo of {[So], ..., [Si]} in an office".

learning each concept and then combining them freely without ex-
tra optimization. Figure 11 presents two cases of the combinations
among three extracted sketch concepts ([S]], [S2], [S3])-

Text-based Style Variation. Our method decouples global se-
mantics and local features of a reference image to a textual token [v]
and a sketch encoder F. Thus, our method can be used to produce
diverse style variations of the target object while preserving its ge-
ometry (shape and details), as shown in Figure 12. To this end, our
method takes as input the sketch (regarded as an intermediate repre-
sentation of object geometry) and a style prompt without [v] (e.g.,
“a crayon drawing") to control the target style. We compare our
method with PnP [TGBD23], a text-based image-to-image transla-
tion method in two cases, i.e., inputting the image without and with
masking out the background, given a style prompt. Thanks to the
extraction of a novel sketch concept, our method can better disen-
tangle the geometry (depicted by a sketch) and style (depicted by
a text), thus offering more user controllability and flexibility via
sketching.
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wooden"  rendering style"
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Figure 12: Comparison of style variation enabled by our Cus-
tomSketching and PnP [TGBD23]. Our method can successfully
decouple global semantic and local features of the reference im-
age. Thus, it can vary the global style of a given object by directly
inputting the style prompt like "made in wooden" without the tex-
tual token [v).

4.6. Limitations

While our method improves the controllability and flexibility of
the personalization task, it has several limitations. First, inherited
from latent diffusion models, our method processes images in a
low-resolution latent space (64x64). It thus struggles to control
an object’s tiny shape and details by sketching thin strokes. As
shown in Figure 13, the car’s details could not be changed fol-
lowing the edited sketch. Another limitation is the learning effi-
ciency. Currently, our method requires almost 30-min optimization
to learn one concept in few-shot, which limits practical applica-
tions. In the future, we may use fast personalization techniques
[GAA*23,]ZC*23] and extend our method to be zero-shot to ad-
dress this issue, i.e., directly inputting pairs of reference images and
sketches into an extra encoder to fast embed novel sketch concepts
into the pre-trained models without optimization. Additionally, we
asked novice users to trace and edit sketches for each concept to
collect the evaluation dataset (Sec. 4). Note that tracing a sketch
over an image costed 30s-2min, while editing a sketch took less
than 1min. Although the users confirmed that the annotation did
not require too much effort, the requirement of tracing and editing
sketches for users is not negligible. To reduce users’ load for trac-
ing images, we might initialize a sketch via edge-detection methods
for further annotation.

5. Conclusion

We proposed CustomSketching, a novel approach to extract sketch
concepts for sketch-based image synthesis and editing based on a
large T2I model. This method decouples reference image(s) into
global semantics in a textual token and local features in two sketch
encoders. We presented a dual-sketch representation to differenti-
ate the shape and details of one concept. In this way, our method
empowers users with high controllability in local and fine-grained
image editing. Extensive experiments and several applications have

Chufeng Xiao & Hongbo Fu / CustomSketching

Prompt: "a photo of [v] in the jungle"

Figure 13: One failure case of our method. Our method could not
change the car’s tiny details by sketching thin strokes.

shown the effectiveness and superiority of our proposed method to
the alternative solutions. We will release the dataset and code to the
research community.
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