
Pacific Graphics 2025/ M. Christie, N. Pietroni, and Y.-S. Wang Conference Paper

CoSketcher: Collaborative and Iterative Sketch Generation with
LLMs under Linguistic and Spatial Control

Liwen Mei1† , Manhao Guan1† , Yifan Zheng1 and Dongliang Zhang1‡

1College of Computer Science and Technology, Zhejiang University, China

Abstract
Sketching serves as both a medium for visualizing ideas and a process for creative iteration. While early neural sketch genera-
tion methods rely on category-specific data and lack generalization and iteration capability, recent advances in Large Language
Models (LLMs) have opened new possibilities for more flexible and semantically guided sketching. In this work, we present CoS-
ketcher, a controllable and iterative sketch generation system that leverages the prior knowledge and textual reasoning abilities
of LLMs to align with the creative iteration process of human sketching. CoSketcher introduces a novel XML-style sketch lan-
guage that represents stroke-level information in structured format, enabling the LLM to plan and generate complex sketches
under both linguistic and spatial control. The system supports visual appealing sketch construction, including skeleton-contour
decomposition for volumetric shapes and layout-aware reasoning for object relationships. Through extensive evaluation, we
demonstrate that our method generates expressive sketches across both in-distribution and out-of-distribution categories, while
also supporting scene-level composition and controllable iteration. Our method establishes a new paradigm for controllable
sketch generation using off-the-shelf LLMs, with broad implications for creative human-AI collaboration.

CCS Concepts
• Human-centered computing → Human computer interaction (HCI);

1. Introduction

Sketching is a medium of ideas visualization and a process of cre-
ative iteration [Jon02, KS17]. From an early age, humans develop
the ability to draw with pen or pencil, expressing their visual under-
standing of the world through strokes on paper [EHA12]. Artists,
designers, and engineers often rely on sketching during the con-
cept design phase to externalize, evaluate, and refine their ideas
[LS24, MWLZ22] (see Figure 1). Through multiple rounds of ad-
dition, revision, and adjustment, complex sketches gradually take
shape and better convey the creator’s intent [KAP∗22, LKM∗25].
However, crafting sketches that effectively convey creative intent
requires a certain level of skill. In principle, artificial intelligence
systems capable of assisting in sketching can reduce users’ cogni-
tive load related to visual representation, allowing them to focus
more on idea exploration [EHoHC∗23].

Early research on automatic sketch generation has mainly fo-
cused on data-driven deep learning methods [HE17, GGZP20,
BDM∗20, BKC∗22]. These approaches typically generate object-
level sketches in a single round, based on category labels. As a
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result, these data-driven methods typically face two major chal-
lenges: (1) Limited generalization due to dataset dependency.
The generation quality and diversity are strongly constrained by
the categories, abstraction levels, and styles present in the training
data [GGZP20,GSH∗19]. Consequently, these systems often strug-
gle to handle unseen categories or generate sketches that differ sig-
nificantly from training distributions. (2) Lack of support for iter-
ation in sketch generation. These system are designed to produce
sketches in one round and do not support incremental sketching or
step-wise iteration. This contradicts the natural sketching behavior
of humans, which involves visual reasoning, repeated adjustments,
and continuous modification over time.

To overcome the generalization limitations of conventional data-
driven methods, recent efforts have introduced large pretrained
models with strong generalization abilities into the sketch gener-
ation process. These methods can be broadly categorized based
on their output granularity: pixel-level generation and stroke-level
generation. Pixel-level methods [RPG∗21, SCS∗22] excel at gen-
erating photorealistic images from text prompts, while stroke-level
methods [XWZ∗23] generate strokes represented as sequences of
coordinate points. Although stroke-level sketches can be easily ras-
terized into pixel images, the inverse is not possible as pixel-level
sketches lack sequential and structural information that is inher-
ent to stroke-based representations [HE17]. Therefore, despite their
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(A) Animated character

(B) Motocycle product

Figure 1: Examples of iterative concept sketching as a key process
to externalize ideas and refine designs. Image sources: (A),(B).

visual appeal, pixel-level approaches are less suitable for many
sketch-based applications due to limited interpretability, incompat-
ibility with stroke-based editing, and inefficiency in generation. For
these reasons, we focus on stroke-level sketch generation. Research
targeting at stroke-level generation has explored combining gener-
ation models with differentiable rendering to optimize parameter-
ized curves on canvas [XWZ∗23, WDQ∗23]. These methods can
produce visually plausible results beyond predefined categories or
styles, thereby enhancing visual realism. However, their optimiza-
tion processes often ignore the temporal and semantic dependen-
cies across strokes, which are fundamental to human sketching.
As a result, the generated outputs lack interpretability and diverge
from the natural process of sequential, stroke-by-stroke construc-
tion [LKM∗25]. This is intrinsically linked to the second challenge,
the lack of support for iterative sketch generation.

To address the second challenge related to iteration, some
studies have utilized sketch datasets in combination with tradi-
tional graphics techniques [LZC11] or generative adversarial net-
works [HXFM23, HPH∗22, GZD∗19, CCSY19] to provide intel-
ligent drawing assistance. More recent several studies have inte-
grated large language models such as T5 [RSR∗20], and GPT-
2 [RWC∗19], enabling users to compose multi-object sketches us-
ing natural language instructions [HSHC20, VSZ∗24]. The incor-
poration of multiple-round dialogues with these models introduces
the possibility of supporting iterative interactions in sketch gen-
eration systems. However, due to the overly simplistic design of
stroke grammars and interaction protocols, these methods often
fail to effectively capture spatial relationships between objects or
strokes, and are unable to implement accurate and precise refine-
ment through language guidance alone. Consequently, this gives
rise to another key challenge: (3) Insufficient controllability for
iterative sketch refinement.

In this work, we present CoSketcher, a controllable stroke-level
sketch generation and iterative editing system built on an off-the-
shelf LLM. Leveraging its broad prior knowledge, the LLM in-
terpret diverse sketch concepts, from abstract to concrete, from
simple to complex. Moreover, the multi-round conversational na-
ture of LLMs aligns naturally with the iterative creative process
of human sketching. To support complex human-AI collaborative
sketching and overcome the lack of fine-grained control, we design
a customized XML-style sketch language that organizes stroke-
level information into structured, interpretable textual representa-
tions. This structured format not only improves semantic clarity

but also supports dual-mode control through both natural language
and spatial handles. For example, when given a sketching task, the
LLM first performs Chain-of-Thought (CoT) planning [WWS∗22],
which includes decomposing the task, ordering strokes, construct-
ing high-level layouts, and designing low-level details. Based on
this plan and the defined sketch language, the LLM generates each
stroke as a semantic unit, defined by sampled keypoints and auto-
matically labeled with compositional concepts. To enhance visual
expressiveness and support controllable editing handles, strokes de-
picting volumetric structures such as limbs or pillars are first rep-
resented by skeletons, upon which corresponding contours are sub-
sequently generated to form the final strokes. Once all strokes are
produced, layout-level information is aggregated to explicitly in-
fers the semantic relationships across strokes. The layout reasoning
expressing in textual form can further enhance LLM’s spatial un-
derstanding and inference capabilities.

Our sketch language greatly enhances the LLM’s ability to gen-
erate detailed, structured, and expressive sketches, as demonstrated
in our comparison of various methods for object-level sketch gen-
eration across both standard and novel categories beyond existing
datasets. Moreover, for scene-level composition and iterative edit-
ing, the CoSketcher system outperforms in sketch-based image re-
trieval tasks by integrating natural language prompts with optional
spatial handles. These comprehensive inputs enable the LLM to
perform targeted edits with both spatial awareness and contextual
understanding. To our knowledge, the CoSketcher is the first sys-
tem to support human-like, controllable, and iterative stroke-level
sketch generation using LLMs, offering a new paradigm for apply-
ing general AI systems in creative human-computer interaction.

2. Related Work

Sketch Generation Early approaches [Can86, NH05] relied on
handcrafted edge detection operators to convert images into
contour-like representations, leveraging edge maps as a proxy
for human sketches. With the development of neural networks,
data-driven methods became dominant, capturing both semantic
and temporal patterns of human drawing [XHY∗22]. The semi-
nal model SketchRNN [HE17] simulates real-time sketching with
RNNs. Various deep learning tools like GAN [WBZ21], Trans-
former [RBCP20, BKC∗22], and Reinforcement Learning agents
[LCL23, ZFW∗18] are also introduced as backbones to enhance
reasonable structures and fine details in generation. Despite these
advances, the performance of data-driven methods remains con-
strained by the training data, including limitations in object cate-
gories, abstraction levels, and stylistic diversity. As a result, these
models often fail to meet the demands of diverse sketch-based
downstream tasks in general-purpose scenarios, such as sketch-
based image retrieval [LLL∗23], image generation [ERH∗11], im-
age editing [XF24, TFC∗25], and 3D modeling [LLG∗14]. For ex-
ample, QuickDraw [HE17] the largest available sketch dataset with
over 50M samples, includes only 345 object categories, most of
which are simple and iconic with minimal shape detail. S. Ge et
al. [GGZP20] collected 10,000 sketches through a crowd-sourced
prompting strategy for enhancement in creativity. These efforts
highlight that collecting sketches tailored for specific tasks remains
time-consuming and labor-intensive.
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<concept>a sunny day scene with 
Eiffel Tower and... </concept>
<thinking>
•task decomposition
•stroke order planning
•high-level layouts construction
•low-level details design
</thinking>

<strokes>
    <s1>
        <skeleton>'x250y100',...</skeleton>
        <points>'x175y400',...</points>
        <id>eiffel tower right outline</id>
    </s1>
    <s2>......
</strokes>

<layouts>
    <l1>
        <s_group>s1, s2, s3,...</s_group>
        <meaning>Eiffel Tower<meaning>
        <rect>'x175y100', 'x325y400'
        </rect>
    </l1>
    <l2>......
</layouts>

“You are a sketch-
capable artist.”

Figure 2: Pipeline Overview. The LLM-based CoSketcher system receives various collaborative inputs and generate a XML-style string
following the rules in a customized sketch language. For sketch generation, the LLM first interprets and plans the sketching task, then
guides the generation of skeletons and strokes. Semantic relationships among strokes are aggregated into layout representations. For sketch
rendering, our designed stroke representation enables rendering that is both friendly to the LLM and accessible to user. For sketch iteration,
the resulting sketch can be reused as input for subsequent rounds of generation. (*) indicates the spatial control is optional.

Recent works leverage large pretrained models for improved
generalization. Pixel-level methods, such as Stable Diffusion
[RBL∗22, TFY∗25, TJZ∗25] and DALL-E [RPG∗21], generate
high-quality images but lack stroke structure and sequential infor-
mation, making them less suitable for sketch-based applications.
Stroke-level methods, in contrast, use LLMs to generate sketches
as structured sequences of “visual sentences” from natural lan-
guage prompts [ZWY∗24]. While stroke-level sketches can be ras-
terized, pixel-level images cannot recover temporal or structural
cues. Therefore, we focus on stroke-level generation and employ
LLMs to model the sequential and semantic structure of sketches,
enabling controllable and interpretable outputs.

Stroke Representation For stroke representation, traditional neu-
ral models often adopt a five-element format in which each point is
encoded as (∆x,∆y, p1, p2, p3) [HE17], where the first two terms
denote relative displacement and the latter three represent pen
states as a one-hot vector. Although compact and suitable for se-
quence modeling, this format lacks spatial flexibility and seman-
tic clarity, limiting its utility in fine-grained control and high-level
reasoning. Neural representations have recently gained attention
for their strong capabilities in feature extraction and compression.
SketchBERT [LFXJ20] learns bidirectional representations using
transformer-based encoders trained via self-supervised objectives,
enabling the model to capture global structure across the entire
sketch sequence. SketchFormer [RBCP20] extends this idea by en-
coding sketches as vector inputs into transformer layers to model
structural dependencies among parts. SketchINR [BBC∗24] takes
a different route by modeling sketches as implicit neural functions,
compressing the entire drawing into a compact latent code that
supports smooth interpolation and abstraction-level control. How-
ever, such implicit and compressed formats are not well suited for
LLMs, which excel at parsing explicit and structured textual in-

puts. LLMs benefit more from representations that are symbolic,
segmented, and text-based structures that support explicit reason-
ing and token-level manipulation. Among structured formats, SVG
is one of the most accessible to LLMs due to its widespread pres-
ence in web-based vector data. The SVG format, commonly found
in the prior knowledge of LLMs, provides an expressive syntax
for vector graphics, supporting primitives like <line>, <rect>, and
<ellipse>, as well as <path> for Bézier curves. Stroke geometry is
specified via attributes such as coordinates and control points, and
simple semantic annotations can be included as comments. How-
ever, SVG was designed for colored graphics and visual styling,
not for stroke-based sketching. Its verbosity and rendering-oriented
design introduce ambiguity and cognitive overhead when used for
semantic sketch generation with LLMs.

Thus, we propose a novel XML-style sketch language tailored
for off-the-shelf LLMs. Our representation encodes strokes as
structured textual sequences with both geometric attributes and se-
mantic labels, balancing expressiveness and simplicity.

Multimodal Collaborative Control In generative tasks, user con-
trol has become increasingly fine-grained and personalized. Re-
search has progressed from simple prompts to multimodal condi-
tioning, enabling more precise and user-friendly interactions. For
example, in image generation, ControlNet [ZRA23] adds spatial
constraints through edge maps, depth maps, or style references. In
3D scene generation, bounding boxes and text prompts are used
to control semantic regions and ensure smooth transitions [PW24].
These advances improve control accuracy and expand the poten-
tial of human-AI collaboration. In contrast, control in sequential
sketch generation remains limited. Early models rely on autore-
gressive decoding [HE17] with weak conditioning on categories
or partial sketches, lacking fine control over user intent. Later
works like CLIPasso [VPB∗22] and SketchINR [BBC∗24] intro-
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duce abstraction control or implicit representations, but are still
constrained by the training dataset rather than real-time user input.
Scones [HSHC20] explores interactive sketching by using GPT-2
to parse text instructions and mask-based models to control object
layout and strokes, yet its generation space remains narrow. While
LLMs have enabled sketch generation via code-like formats such
as SVG or JSON, their visual reasoning is limited, and language
prompts alone often lack precision. To address this, we regard the
skeletons and layouts as explicit spatial handles to guide LLMs.
These help bridge the gap between textual intent and visual struc-
ture, enhancing controllability through in-context reasoning.

3. Method

In this section, we present our method for controllable sketch
generation through collaboration with an LLM, guided by a cus-
tomized sketch language and enriched with both linguistic and spa-
tial controls. The overall pipeline is illustrated in Figure 2. The
backbone of our CoSketcher system is an off-the-shelf, frozen
LLM, which interacts with users through four types of collaborative
inputs: (1) preparatory guidance, including an introduction to the
sketch language and dynamic instructions specifying interaction re-
quirements (e.g., adding, moving, deleting, scaling, or editing); (2)
linguistic prompts and (3) spatial controls, which jointly express
user intent in textual and structural forms; (4) the current sketch,
encoded in sketch language for the LLM and rendered as a visual
canvas for user interaction, supporting iterative co-creation. Upon
receiving these inputs, the LLM interprets the sketching task and
formulates a generation plan, which guides the production of skele-
tons and strokes with semantic labels. The system then aggregates
strokes based on semantic relationships to construct layout infor-
mation. The resulting sketch is rendered using a structured stroke
format that ensures both LLM compatibility and visual accessibil-
ity, and can be seamlessly reused as input for subsequent rounds
of collaborative generation. Additionally, serving as human-in-the-
loop interactive handles, the skeletons and layouts enables users to
perform fine-grained, spatially precise editing through the LLM.

3.1. Stroke Representation

To represent detailed vectorized strokes, a stroke-level sketch S is
typically modeled as an ordered sequence of m strokes S= {Si}m

i=0,
where each stroke Si is a sequence of ni + 1 point coordinates:
Si =

{
p j
}ni

j=0 =
{
(x j,y j)

}ni

j=0. Compared to pixel-level sketches,
stroke-level vector graphics offer greater editability and tolerance,
as their structured format enables the explicit integration of ge-
ometric, semantic, and other fine-grained information for each
stroke. To visually render these strokes, it is necessary to con-
vert the discrete point sequences into continuous visual forms. A
straightforward method is to connect adjacent points with poly-
lines. However, if the points are too sparsely distributed, polylines
often result in rigid and jagged appearances that fail to capture the
smooth and natural qualities of hand-drawn sketches. Conversely,
recording a dense sequence of points imposes a substantial stor-
age burden. Therefore, an effective stroke representation approach
tends to balance compact storage with high-fidelity rendering.

To achieve this, we propose a new stroke representation ap-
proach. During storage, we retain only the keypoints at notable

turning points (i.e., the red dots in Figure 3) to preserve the overall
geometry structure of the stroke. During rendering, we apply cubic
spline interpolation [ML98] to generate interpolation points (i.e.,
the yellow dots in Figure 3) to reconstruct a smooth, high-fidelity
parametric stroke that passes through all stored keypoints.

: keypoint
: interpolation point

Figure 3: Illustration of our
stroke representation approach.

Given a sequence of
keypoints {(x j,y j)}ni

j=0,
our goal is to draw a curve
that passes through all
keypoints. To achieve
this, we divide keypoints
into ni segments and
construct each child curve
as a 2D parametric curve.
Specially, for each child
curve, an intermediate
variable r is introduced to
control the coordinates x and y, which are defined as follows:{

x j(r) = a(x)j (r− r j)
3 +b(x)j (r− r j)

2 + c(x)j (r− r j)+d(x)
j

y j(r) = a(y)j (r− r j)
3 +b(y)j (r− r j)

2 + c(y)j (r− r j)+d(y)
j ,

(1)
where {a(·)j ,b(·)j ,c(·)j ,d(·)

j } are the coefficients of the cubic spline
function. To ensure the smoothness of the global curve, four spline
constraints must be satisfied: (1) interpolation between keypoints:
x(r j) = x j, x(r j+1) = x j+1; (2) first-order continuity: x′j(r j+1) =

x′j+1(r j+1); (3) second-order continuity: x′′j (r j+1) = x′′j+1(r j+1);
and (4) natural boundary conditions: x′′(r0) = 0, x′′(rn) = 0. The
same set of constraints is applied independently to y(r). We denote
r as the relative position along the global curve and assume that the
coordinates of each keypoint are evenly distributed on the r axis:

r j =
j
n
, j = 0,1, ...,n. (2)

Based on the above constraints, we obtain two independent tridiag-
onal systems of equations with the coefficients of the cubic spline
functions as unknowns, and employ Thomas algorithm [Lee11] to
solve them. The resulting coefficients define the parametric form of
each child curve.

3.2. Sketch Language

With the stroke representation approach established, we position
LLM as a sketch-capable artist and provide it with a preparatory
guidance to ensure it fully understands our custom-designed sketch
language.

The preparatory guidance is mainly about the sketch language
for its XML-style format and rules. This language defines how
strokes, keypoints, and semantic attributes are organized to support
controllable generation and semantic interpretation. A full answer
generated from LLM about a vector sketch consist of four XML
tags, encompassing the ideation process (<concept> and <think-
ing>), the stroke representation of the sketch (<strokes>), and the
layout summary (<layouts>). To illustrate the meaning of each tag
more clearly, we present an example of “Pikachu” described in our
customized sketch language in Figure 4, in the top left of which
each stroke is rendered in a distinct color.

© 2025 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.



Liwen Mei et al. / CoSketcher: Collaborative and Iterative Sketch Generation with LLMs under Linguistic and Spatial Control 5 of 12

(1) <thinking>
To draw a recognizable Pikachu in a coloring book style, I follow four steps:
1. Task decomposition:  
   Split Pikachu into six parts: Head, Ears, Facial features (eyes, nose, mouth, 
cheeks), Body, Limbs (arms, legs), Tail.
2. High-level layout construction:  
   - Head is slightly larger than the body, placed at the top center.  
   - Ears extend diagonally from the top-left and top-right of the head......
3. Stroke order planning:  
   - Begin with the head: draw a smooth round contour.
   - Add the ears: two elongated triangles with rounded bases extending from the
head, with separation lines to mark the black tips.  
   - Draw facial features:  
   - Two large vertical ovals for the eyes with smaller black pupils ......
4. Low-level detail design:  
   - Ears must be sharp and symmetrical in the spindle shape
   - Limbs stubby and rounded.  
   - Tail angled, bold, with 3–4 lightning segments, starting narrow at the base 
and gradually widening outward.

(2) <id> (3) <skeleton> (4) <layouts>

Figure 4: An example of “Pikachu”described in custom-designed
sketch language generated by the CoSketcher system. (1) A se-
lected excerpt from the <thinking> tag illustrates four progressive
steps: task decomposition, high-level layout construction, stroke
order planning, and low-level detail design. (2) The <id> tag is
visualized as a legend, showing the semantic label automatically
assigned by the LLM to each stroke in different colors. (3) In the
<skeleton> tag, green lines indicate optional skeletal structures
that guide stroke shapes. (4) In the <layouts> tag, red bounding
boxes represent aggregated layout elements, each annotated with a
semantic label at the bottom-right corner of the box.

• <concept> This tag is tasked to summarizes the user’s drawing
intent expressed in natural language and specifies the depicted
concept in a concise and precise manner.

• <thinking> This tag represents a coarse-to-fine planning pro-
cess, inspired by the Chain-of-Thought prompting strategy
[CZS∗24]. It includes task decomposition, high-level layout con-
struction, stroke order planning, and low-level detail design (see
Figure 4(1)).

• <strokes> This tag forms the core of the sketch language, which
includes structured sketch information organized in stroke or-
der. Each stroke Si is stored as its own sub-tag <si>. Within each
<si>, there are three key components: (1) <skeleton>: a list of co-
ordinate strings such as “x100y350”, defining the path of skele-
ton that optionally guides the contour in <points> (see the green
lines in Figure 4(3)); (2) <points>: a list of keypoint coordinates
in the same format as <skeleton>, representing the stroke’s path.
These keypoints correspond to salient turning points along the
stroke and are used to reconstruct the final curve via cubic spline
interpolation, as described in Section 3.1; (3) <id>: a short se-
mantic identifier that indicates which part of the sketch the stroke
depicts. As shown in the legend of Figure 4(2), strokes with dif-
ferent colors represent different semantic parts.

• <layouts> This tag aggregates related strokes into layout el-
ements based on the <strokes> content, explicitly express-
ing strokes’ relationships. The Layouts have flexible, prompt-
controlled granularity, and each element <li> includes three
components: (1) <s_group>: a list of stroke identifiers that be-
long to the group; (2) <meaning>: a semantic label specifying the
functional role of the group (see the red labels in Figure 4(4)); (3)

<rect>: the minimum bounding box that defines the spatial extent
of the group (see the red dashed rectangles in Figure 4(4)).

Furthermore, basic stroke primitives, such as lines, triangles and
rectangles, together with their corresponding representations, are
provided to deepen the LLM’s understanding of the relationship be-
tween the rendered cubic spline curves and the specified <points>.
To ensure LLM’s output can be directly parsed by our CoSketcher
system, the preparatory guidance also offer two complete sketch
examples and explicitly require the LLM to produce outputs in the
specified structured format.

3.3. Controllable Generation and Editing

To address the ambiguity of natural language in fine-grained spa-
tial control, we introduce two spatial control mechanisms based on
<skeleton> and <layouts>. These mechanisms enable fine-grained
and interpretable sketch control, and serve as operational handles
to the structured tags defined in the sketch language.

The skeleton-based mechanism serves as a stroke-level control
interface. The <skeleton> tag captures a stroke’s spatial semantics
including its direction, curvature, and volumetric structure, which
go beyond what can be inferred from abstract symbolic prompts.
Unlike simplified stick-figure or iconic sketching, the skeleton al-
lows the LLM to generate detailed, shape-driven strokes with a
stronger sense of form and depth. More importantly, the skeleton
acts as a controllable handle for stroke editing. When users modify
the skeleton rendered on the canvas, the CoSketcher system will
note down the change in sketch language format and emphasize its
meaning in the user prompt, delegating the low-level reconstruction
of the <points> of current and relevant strokes to the LLM. This
allows efficient, targeted shape control without requiring users to
manually drag each keypoint in <points>. The concrete examples
of contextual operations can be found in Section 4.4.

The layout-based mechanism, in contrast, operates at the object
level. Users can control object-level behavior like repositioning and
scaling by editing the layout attributes. For example, moving the
minimal bounding box of a layout group in <rect> tag leads the
LLM to reposition the associated strokes while preserving their
relative arrangement and semantics. This mechanism provides a
lightweight yet expressive means to control the global structure of
the sketch, while ensuring that adjustments to a layout element af-
fect only its associated strokes, without impacting strokes of other
objects within the same bounding box.

Given the strong language capabilities of LLMs, the CoSketcher
system imposes no rigid language constraints on user’s inputs.
Common sketching functionalities, such as stroke generation, in-
cremental sketching, object repositioning and scaling, and detail
refining, can all be executed via natural language prompts and ex-
plicit control handles. However, as sketch complexity increases, the
number of strokes on the canvas can easily exceed 30, making it in-
efficient for the LLM to regenerate the entire sketch when only lo-
cal modifications are required. To tackle this issue, the CoSketcher
system introduces two additional output modes beyond the default
full output: partial incremental output and partial update output. All
modes follow the XML-style sketch language defined in Section
3.2. In the incremental or update modes, only the strokes or layout
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elements that need to be added or modified are wrapped in <incre-
ment> or <update> tags, respectively. The indices of stroke (<si>)
and layout (<li>) sub-tags must remain consistent with their coun-
terparts on the canvas. These output rules can be dynamically spec-
ified within the user prompt following the natural language instruc-
tion. Experiments show that this strategy significantly enhances the
system’s ability to handle complex sketches, while mitigating lim-
itations imposed by LLM output token constraints.

3.4. Collaborative Sketching

To support human-in-the-loop sketch generation, the CoSketcher
system allows users to draw directly on the canvas, as well as inter-
acting through natural language and explicit spatial controls intro-
duced in Section 3.3. Since the hand-drawn strokes are dense poly-
lines composed of raw point coordinates, they cannot be directly
interpreted by the LLM. To bridge this gap, the CoSketcher sys-
tem combines geometric processing techniques with the reasoning
capabilities of LLMs to transform freehand stroke into structured
format defined by our sketch language, consisting of <skeleton>,
<points>, and <id>. To invert the sketch interpolation process, we
apply the RDP algorithm [DP73] to extract a sparse <points> se-
quence suitable for cubic spline reconstruction.

Given a raw stroke Ci =
{

c j
}ki

j=0, we preserve its shape by re-
cursively selecting a representative subset of ordered points Si, con-
trolled by an adaptive distance tolerance parameter ϵ. The resulting
sequence is defined as:

Si =
{

c j′
}qi

j′=0 ⊆Ci, qi ≪ ki. (3)

We first compute the diagonal length ld of the minimum bounding
rectangle of Ci, and the total length lt of all segments in Ci. An
adaptive distance tolerance parameter is then defined as:

ϵ=
ld
lt
· ϵ0, (4)

where ϵ0 is a hyperparameter denoting the maximum distance tol-
erance. The algorithm connects endpoints c0 and cki with a line
segment L, then finds the intermediate point c j∗ with the maximum
perpendicular distance dmax. If dmax > ϵ, the segment is split at c j∗

and processed recursively. Otherwise, the segment is approximated
by the straight line. Thus, dense points from freehand are converted
into sparse keypoint sequence <points> by aggregating all retained
points in order.

The extracted <points> are paired with an empty <skeleton> and
a default <id> (e.g., stroke_i) to form a stroke element. The LLM
then completes the <skeleton> based on the concept and inferred
shape, and assigns the semantic <id>. This workflow enhances in-
terpretability and significantly reduces manual annotation effort.

4. Experiments

The CoSketcher system supports various commercial LLMs as its
backbone via API access to enable controllable sketch generation.
For fairness, all methods involving LLMs in our experiments use
Claude-Sonnet-3.7 [Ant25] as the backbone model. The canvas size
is set to 600× 600, and the distance tolerance hyperparameter for
keypoint extraction is configured as ϵ0 = 4.0.

4.1. Object-Level Sketch Evaluation

In prior sketch datasets, both human-drawn sketches and those pro-
duced by earlier data-driven methods are typically constrained to
a limited number of categories and costly to extend. To systemat-
ically evaluate the semantic expressiveness of generated sketches
under both concepts included and exclude the standard category of
QuickDraw dataset [HE17], we design two experimental settings:

• ID Category Group: Following prior work [VACOS23,
XWZ∗23], we randomly sample 50 In-Distribution(ID) cate-
gories from the 345 QuickDraw classes. For each category, 10
raster images are rendered from sketches generated by various
methods, totaling 500 test sketches.

• OOD Category Group: To test generalization beyond regular
distributions, we curate another set of 50 Out-of-Distribution
(OOD) categories that fall outside the predefined category space.
These include widely recognizable IP characters (e.g., Mickey
Mouse, Doraemon), mechanical components(e.g., screw, gear),
and well-known landmarks (e.g., Big Ben, Golden Gate Bridge).

In both settings of this experiment, each generation method is ex-
ecuted in a single, non-interactive round to produce sketches for
these categories without refinement or user feedback.

For evaluation, we adopt a CLIP zero-shot classifier [RKH∗21]
to assess the semantic alignment between each generated sketch
and the textual label of its target category. Specifically, we report
both Top-1 and Top-5 scores under two metrics:

• Accuracy(Acc.): the proportion of test sketches (out of 500)
whose ground-truth category appears in the Top-1 or Top-5 pre-
dicted categories ranked by CLIP recognition scores.

• Prediction(Pred.): the average CLIP score assigned to the GT
category across all test samples, with zero score if the GT label
is absent from the predictions.

Performance is compared across several generation approaches.
SketchRNN [HE17] is a data-driven method trained on filtered
human-drawn sketches with separate model parameters for each
category. Due to its dependence on category-specific training data,
SketchRNN is evaluate only on the ID category group. In contrast,
LLM-based methods, such as SketchAgent [VSZ∗24], and our pro-
posed CoSketcher, are capable of generating sketches for both ID
and OOD categories without additional training. To showcase the
inherent generation capability of LLMs, we also demonstrate the
SVG results from Claude-Sonnet-3.7, prompted with: “Write a
SVG string that draws a sketch of a <concept>. Use only black
and clean strokes”, which we refer to as “LLM-SVG” throughout
the paper. As a baseline of this experiment, human-drawn sketches
are evaluated in both ID and OOD category settings.

Quantitative results are shown in Table 1. For the ID group
only , SketchRNN performs best due to its supervised training on
category-specific data, though its applicability is limited to prede-
fined classes and does not extend to unseen concepts. However,
as shown in the rightmost column of Table 1, data-driven meth-
ods require substantial training time and large amounts of anno-
tated data for each new object category. Moreover, each model of
SketchRNN is restricted to a single class, resulting in pool genera-
tion and limited practical utility. In contrast, although LLM-based

© 2025 The Author(s).
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Table 1: Comparison of sketch recognition performance across methods. The ID category group refers to in-distribution categories from the
345 standard categories in the QuickDraw dataset, while the OOD category group denotes out-of-distribution categories that fall outside the
predefined categories.

ID Category Group OOD Category RuntimeMethod Top-1 Acc.↑ Top-5 Acc.↑ Top-1 Pred.↑ Top-5 Pred.↑ Top-1 Acc.↑ Top-5 Acc.↑ Top-1 Pred.↑ Top-5 Pred.↑ Training Inference

Data-driven sketch generation method limited in ID categories.
SketchRNN 0.38 0.60 0.27 0.32 - - - - 2h+ <1s

LLM-based sketch generation methods with zero-shot capability.
LLM-SVG 0.32 0.53 0.18 0.20 0.29 0.52 0.15 0.19 - 12s
SketchAgent 0.26 0.45 0.11 0.13 0.21 0.41 0.09 0.11 - 15s
CoSketcher 0.35 0.56 0.19 0.22 0.33 0.52 0.18 0.20 - 18s

Human 0.36 0.57 0.23 0.26 0.30 0.53 0.19 0.20 - 20s
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Figure 5: Randomly selected sketches from the ID category group. (Three parallel subfigures with one enlarged for closer inspection)

methods require longer inference time, they offer broader gener-
alization capabilities and eliminate the need for additional train-
ing, as they do not rely on paired training data or handcrafted la-
bels. Among these, CoSketcher consistently shows superior perfor-
mance across both ID and OOD categories. While LLM-SVG yield
reasonably high scores, visual inspection (Figure 5, 6) shows rigid
and uniform shapes, lacking freehand variation. By leveraging a in-
terpretable sketch language with intermediate control mechanisms
such as skeleton and layout, CoSketcher generates sketches with
clearer semantics and geometry, leading to stronger alignment with
textual labels and improved CLIP recognition. Overall, CoSketcher
delivers robust generalization and high-quality results across both
standard and novel categories, confirming its effectiveness as a uni-
fied, controllable sketch generation framework.

4.2. Scene-Level Sketch Evaluation

Although CLIP’s image encoder (ViT) is not specifically designed
for sparse and stroke-based sketches, it is widely used as a gen-
eral semantic evaluator. Following this convention, we employ a
CLIP-based zero-shot classifier in Section 4.1 to assess object-level
sketches. In contrast, for scene-level sketches involving multiple
objects and more strokes, we adopt the zero-shot sketch-based im-
age retrieval task to evaluate scene-level sketches involving mul-
tiple objects and a relatively large number of strokes. We intro-
duce the ZSE-SBIR model [LLL∗23] specifically tailored to sparse
sketch inputs with a learnable tokenizer. Compared to CLIP, this
tokenizer optimized for sparse and abstract sketches is more sen-
sitive to subtle variations in strokes and details, making it better
suited for evaluating the expressive richness of complex sketches.
Retrieval accuracy thus serves as a stronger proxy for whether gen-

© 2025 The Author(s).
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Figure 6: Randomly selected sketches from the OOD category group. (Three parallel subfigures with one enlarged for closer inspection)
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Figure 7: Sketch collection procedure. Participants observe a refer-
ence image, undergo a memory delay, and complete a timed sketch
using one of the tested systems. Additionally, the leftmost image
shows the User Interface of our system.

erated sketches capture user intent and scene semantics. We in-
clude human-drawn sketches and evaluate three interactive sys-
tems: Scones [HSHC20], SketchAgent [VSZ∗24], and our CoS-
ketcher. As in Section 4.1, an LLM-SVG group is added to illustrate
LLMs’ inherent sketch generation ability via direct SVG outputs.

The sketch collection procedure is shown in Figure 7. Partici-
pants first practiced briefly, then viewed a reference image for 15
seconds, followed by a 30-second delay with no image. This view-
delay design simulates the early stage of creative ideation, where
ideas are initially vague and gradually take shape during the sketch-
ing process. They then completed the sketch within 3 minutes us-
ing the assigned system. To resolve bias by task familiarity, we
use a Latin square design to balance the influence from the pre-
sentation order of methods across participants. Each participant is
asked to complete six scene-level sketches per method, with refer-
ences randomly selected from realistic-style SketchyCOCO dataset
[GLX∗20] and cartoon-style SketchyScene dataset [ZYD∗18].

For quantitative evaluation, each collected sketch is used as the
query input in the retrieval, with its original reference image serv-

ing as the ground truth. We randomly select 50 images from the
each of the two datasets for the separate retrieval task, and adopt the
Top-1 and Top-5 Accuracy, and the ZSE-SBIR Score [LLL∗23] as
evaluation metrics. Quantitative results are summarized in Table 2,
and representative examples are shown in Figure 8. In both the
SketchyCOCO and SketchyScene retrieval settings, sketches gen-
erated by our method achieve the best performance among other in-
teractive systems and are closest to human-drawn sketches, demon-
strating stronger semantic expressiveness at the scene level. Qual-
itative results in Figure 8 further show that our sketches exhibit
greater visual detail and structural coherence, aligning more nat-
urally with human-drawn examples. The Scones method suffers
from poor generalization, largely due to the limited category space
and data-driven dependency of its composition proposer and object
generator. Examples show that Scones often fails to generate appro-
priate objects when the target category falls outside its predefined
composition. For example, in SketchyCOCO-1(seen in Figure 8),
the target object “Big Ben” is incorrectly rendered as unrelated ob-
jects such as “lightning” or “bouncy.” Additionally, Scones lacks
the ability to generate more than one instance per object category,
which is a critical requirement for scene-level sketches. This limi-
tation is evident in SketchyCOCO-2 (five giraffes), SketchyScene-1
(three birds), and SketchyScene-2 (two men). While the LLM-SVG
group achieves relatively competitive performance in terms of re-
trieval accuracy, the generated sketches reveal critical limitations.
Specifically, the outputs are highly repetitive and lack the random-
ness and natural variation typical of human sketches, suggesting
that its retrieval performance partially attributed to learned token
regularities rather than a true understanding of sketch composi-
tion. The performance of SketchAgent also drops significantly in
scene-level tasks. Although it maintains reasonable interpretability
at the object level, its ability to handle layout and visual detail is
notably weaker in complex settings. Furthermore, the coordinate-
time-based parametric stroke representation used by SketchAgent

© 2025 The Author(s).
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Table 2: Comparison of sketch-based image retrieval performance for scene-level sketches generated by different methods.

SketchyCOCO SketchySceneMethod Top-1 Acc.↑ Top-5 Acc.↑ ZSE-SBIR Score↑ Top-1 Acc.↑ Top-5 Acc.↑ ZSE-SBIR Score↑

Scones 0.02 0.12 0.73 0.03 0.10 0.38
LLM-SVG 0.22 0.43 0.84 0.17 0.32 0.60
SketchAgent 0.07 0.15 0.77 0.05 0.13 0.43
CoSketcher 0.38 0.47 0.87 0.22 0.42 0.66

Human 0.32 0.48 0.88 0.23 0.43 0.74
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Figure 8: Randomly selected sketches from the scene-based image retrieval experiment. (Three parallel subfigures with one enlarged for
closer inspection)

Figure 9: Statistical comparison of SUS scores across systems.

tends to produce overly smooth and homogeneous curves. As ob-
served in the visualizations, these strokes often appear as simple
arcs or loops, which may hinder the LLM’s ability to capture pre-
cise object shapes and spatial relations.

4.3. User Study

In the scene sketch reproduction experiment, participants used each
designated system to create sketches and then completed the SUS

Table 3: Ablation study. We systematically remove each component
and replace multiple LLMs as the backbone in our pipeline.

Component ID Category Group
Top-1
Acc. ↑

Top-5
Acc. ↑

Top-1
Pred. ↑

Top-5
Pred. ↑

CoSketcher(full, Claude-Sonnet-3.7) 0.35 0.56 0.19 0.22
w/o <thinking> 0.33 0.52 0.16 0.18
w/o <skeleton> 0.30 0.49 0.17 0.21
w/o stroke representation examples 0.27 0.44 0.19 0.22
w/o sketch examples 0.27 0.43 0.10 0.14

CoSketcher(full, Claude-Sonnet-3.7) 0.35 0.56 0.19 0.22
CoSketcher(full, ChatGPT-4o) 0.34 0.57 0.19 0.22
CoSketcher(full, Gemini-2.5-flash) 0.33 0.50 0.17 0.15
CoSketcher(full, DeepSeek-R1) 0.25 0.42 0.11 0.15

(System Usability Scale) questionnaire as a post-task evaluation
(see Supplementary Material for the full questionnaire). The SUS
evaluation results, presented as a bar chart in Figure 9, show that the
proposed CoSketcher achieved the highest SUS score and signifi-
cantly outperformed all other sketching tools, demonstrating clear
advantages in usability and interaction experience.

Beyond the 10 standard SUS items assessing system usability,
we added two questions on the system’s impact on creativity; de-
tails and results are also provided in Supplementary Material.

Participants were also interviewed after experiments. Many

© 2025 The Author(s).
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Linguistic control CoSketcher
(w/o spatial control)

SketchAgentLLM-SVGScones CoSketcher
(w/ spatial control)

Spatial control

Draw a rabbit standing 
on its hind legs, with its 
front paws held in front 
of its chest.

Bend its right ear 
downward.

Draw a Christmas tree 
with gifts hanging on it 
to the right of the 
rabbit.

Scale and move the 
rabbit to the lower left 
of the tree, partially 
blocking the tree.

Figure 10: Comparison of collaborative and iterative sketching by different methods.

praised the CoSketcher’s spatial control, noting its intuitive han-
dling of a common LLM limitation, where linguistic analysis of-
ten fails to yield precise spatial outputs. One participant remarked,
“CoSketcher allowed me to focus more on composing imagined
scenes rather than rendering visual details.” These responses sug-
gests our system effectively supports creative thinking and ideation.

4.4. Collaborative Sketching

Furthermore, we demonstrate the CoSketcher’s effectiveness in
supporting interactive sketch iteration. The system generates com-
plex, recognizable sketches with rich details from natural language
prompts and spatial controls, both converted into textual inputs for
the LLM. We focus on four representative types of interactive edit-
ing tasks: initial generation, incremental sketching, object reposi-
tioning, and fine-grained redrawing. For all methods under com-
parison, we use the same predefined textual instructions. In addi-
tion, the CoSketcher system includes two experimental conditions:
with and without spatial control. The spatial control is implemented
through skeletons and layouts, which are provided alongside lin-
guistic inputs at the corresponding steps.

As shown in Figure 10, CoSketcher consistently generates more
recognizable details than the others. Skeletons give strokes volu-
metric shapes, whereas LLM-SVG and SketchAgent produce ab-
stract limb strokes with weaker appeal in the rabbit sketching task.
Scones, on the other hand, misinterprets the instruction and gen-
erates unintended objects such as a bear and an owl. In the fine-
grained redrawing task of “bending the right ear downward”, CoS-
ketcher with spatial control performs a precise adjustment, while
SketchAgent only shrinks the ear, LLM-SVG bends the wrong one,
and CoSketcher without control renders it fully drooped. Regard-
ing spatial understanding, most methods correctly respond to repo-
sitioning instructions like “move to the lower left”, while Scones
fails to do so.

4.5. Ablation and Discussion

As discussed in Section 4.4, the spatial control mechanism plays
a key role in supporting iterative interactions within the system.
In the following, we further evaluate the contribution of the rel-
evant components of our method to the quality of sketch genera-
tion. Specifically, we conduct an ablation study by systematically
removing individual tags defined in Section 3.2 and measuring
object-level ID category sketch recognition, as described in Sec-
tion 4.1. We assess the effects of removing the <thinking> and
<skeleton> tags from the sketch language, as well as omitting the
stroke representation of basic primitives and the complete sketch
examples included in the preparatory guidance.

As shown in upper section of Table 3, the full CoSketcher
pipeline achieves the highest performance, underscoring the im-
portance of each individual component. In particular, excluding the
<thinking> and <skeleton> tags leads to a substantial drop in per-
formance, highlighting their critical role in constructing detailed
and coherent sketches. Additionally, removing the sketch examples
from the preparatory guidance hinders the LLM’s ability to under-
stand the sketch language in the style of human-drawn sketches.

To further assess the generalizability of our method, we replace
Claude-Sonnet-3.7 with a range of widely used off-the-shelf LLMs,
including ChatGPT-4o, Gemini-2.5-flash, and DeepSeek-R1. As
shown in the lower section of Table 3, our pipeline maintains ro-
bust performance across different model backbones, demonstrating
strong adaptability. Though we observe that different LLMs exhibit
varying levels of spatial reasoning and language grounding capa-
bilities, our pipeline achieves consistently high performance when
combined with most off-the-shelf LLMs. Although DeepSeek-R1
performs relatively worse, it still generates semantically coherent
and structurally valid sketches. This confirms that our design is
not tightly coupled with any specific LLM and demonstrates strong
generalizability across different model backbones. These findings
confirm that our method can adapt to a variety of LLMs with differ-
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ent reasoning capacities, and also suggest that its sketch generation
performance will continue to improve as more capable language
models become available.

5. Limitations and Future Work

While CoSketcher shows strong generalization and controllability,
there are still several limitations. First, compared to data-driven
models trained on specific categories, our sketches may appear less
detailed for in-distribution objects, prioritizing semantic flexibility
over low-level polish. Second, the inference speed of CoSketcher
is slower, primarily due to the response latency introduced by the
use of commercial, off-the-shelf LLMs. We believe the response
latency of off-the-shelf LLMs can be effectively reduced through
standard acceleration techniques, such as low-bit quantization and
pruning. In addition, switching to lightweight LLMs that support
local deployment provides a feasible path toward faster inference.
For failure cases, the XML-style sketch language generated by the
LLM may contain parsing errors, such as invalid tag nesting or out-
of-range coordinate values. These issues can often be mitigated
through post-processing or corrected by prompting the LLM for
self-repair. In future work, we aim to combine sketch-specific vi-
sual modules to improve drawing quality, explore lightweight LLM
alternatives for faster inference, and enhance the system’s error-
handling mechanisms.

6. Conclusion

In this work, we introduce CoSketcher, a controllable and itera-
tive sketch generation system that leverages off-the-shelf LLMs to
address long-standing challenges in generalization, iteration, con-
trollability, and automatic semantic annotation at stroke level. By
designing a structured XML-style sketch language and provid-
ing detailed preparatory guidance, CoSketcher enables LLMs to
plan, generate, and refine complex sketches under both linguistic
and spatial controls. Our system supports detailed and expressive
stroke generation, handles unseen categories, and facilitates com-
plex sketching in a human-like iterative manner. These results high-
light the potential of general-purpose LLMs as a powerful engine
for creative, structured, and collaborative sketching, paving the way
for more flexible and semantically aligned human-AI co-creation.
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