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Abstract

Understanding and computationally modeling the creative process behind artistic
creation remains a fundamental challenge in Creative AI. While existing neural
painting methods focus on replicating final visual outcomes, they largely ignore the
sequential, hierarchical decision-making that characterizes human artistic workflow
- the dynamic motion of brushes across canvas that brings art to life. We introduce a
novel approach to computationally decompose and reconstruct the painting process
itself, revealing how artworks emerge through systematic region-aware brushstroke
sequences that mirror a more natural artistic practice. Our method leverages
image vectorization to extract semantic painting regions and develops algorithms to
estimate brushstroke parameters and sequencing strategies that progress from global
compositional structure to localized detail refinement. This enables generation of
stroke-by-stroke painting animations that expose the underlying creative process
in motion, with applications ranging from immersive museum experiences to
collaborative AI-assisted art creation platforms.

1 Introduction

The creative process underlying artistic expression has long captivated researchers in computational
creativity. Unlike static museum displays, the true essence of artistic creation lies in the dynamic,
evolving process through which ideas transform into visual form - brushes in motion, each stroke
building upon the last. Recent advances in AI-assisted artistic tools are revolutionizing how art is
created and experienced, yet current approaches primarily focus on visual transformation rather than
revealing the underlying creative process and the temporal dance of brush movements that generate
artistic expression.

Human artists approach creation through systematic, hierarchical processes that reflect deep under-
standing of visual composition and aesthetic principles. They set their brushes in motion strategically,
progressing from establishing global compositional elements before refining localized regions with
increasingly detailed brushwork. This semantic-region-based approach reflects strategic creative
decision-making that organizes complex visual information into coherent, expressive form through
the coordinated movement of brush across canvas.

Existing stroke-based rendering (SBR) approaches treat painting primarily as optimization problems,
learning stroke parameters to minimize pixel-wise reconstruction loss Hu et al. [2024], de Guevara
et al. [2024], Singh et al. [2022], Hu et al. [2023]. While visually compelling, they fundamentally
misunderstand artistic creation by focusing on final visual fidelity rather than the creative process and
the natural motion patterns that guide artistic expression. The strokes produced often appear spatially
incoherent, jumping between regions without the systematic progression that characterizes human
artistic practice - brushes moving without purpose or natural flow.
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We propose a fundamentally different approach that prioritizes understanding and modeling artistic
process over optimizing visual output, capturing the essence of brushes in motion during artistic
creation. Rather than learning stroke parameters through pixel-wise loss minimization, we investigate
whether these parameters can be derived by analyzing the underlying semantic and geometric structure
of painting regions themselves. Our key insight is that meaningful artistic stroke sequences - the
natural motion of brushes during creation - emerge from the hierarchical organization of visual
content.

Our approach leverages Scalable Vector Graphics (SVG) representation as a bridge between structured
geometric understanding and expressive artistic creation. By decomposing input artworks into
vectorized regions through a two-stage process - global layer-by-layer vectorization for compositional
structure and segment-based patch vectorization for detailed refinement - we extract stroke parameters
that reflect natural artistic workflow and the organic motion of brushes during painting.

The contributions of our work are: (1) We investigate a novel two-stage image vectorization framework
that captures both coarse compositional structure and fine-grained artistic detail, enabling hierarchical
stroke sequence generation that better mirrors the natural motion of brushes during human artistic
practice. (2) We propose algorithms for estimating stroke parameters directly from SVG-vectorized
regions, emphasizing semantic-region-based painting through region-aware stroke estimation and
sequencing that captures the flow and movement of artistic creation. (3) We point to potential
applications across diverse creative domains, establishing foundations for AI systems that engage
meaningfully with artistic process and the dynamic nature of brushes in motion during creative
expression.

2 Computational Modeling of Artistic Process

Understanding how human artists construct paintings provides the foundation for our computational
approach. Artists typically work in a systematic, hierarchical manner: first establishing the overall
composition and major structural elements, then progressively refining specific regions with increas-
ingly detailed brushwork. This creative workflow reflects not random mark-making, but strategic
decision-making that organizes visual information into coherent artistic expression.

Our method computationally models this artistic process through a two-stage framework that mirrors
human painting workflow. Given an input artwork image X , we compute a sequence of brushstroke
parameters fBt

pgT
t=1 that enables progressive reconstruction of the painting process. The Global

stage analyzes the entire composition to establish broad structural elements, while the Segment stage
focuses on individual semantic regions for detailed refinement - directly paralleling how artists move
from compositional planning to localized detail work.

2.1 Region-Aware Image Decomposition

Human artists inherently organize their work around meaningful visual regions -backgrounds, objects,
facial features - rather than arbitrary pixel patches. To capture this semantic organization computa-
tionally, we employ image vectorization that decomposes artworks into structured geometric regions
that correspond to natural painting units.

Global Compositional Analysis: At the global stage, we apply layer-by-layer vectorization to
capture the overall compositional hierarchy. This process decomposes the image X into a stack of
visual layers fH0; H1; :::;Hkg where top layers represent the broadest compositional elements and
lower layers capture progressively finer structural details:

V
(0)

G j = VectLayer(X); j = 1; 2; :::; J (1)

This hierarchical organization mirrors how artists establish overall composition before adding detail,
enabling our system to generate stroke sequences that build paintings systematically from abstract
structure to concrete form.

Semantic Region Refinement: The segment stage focuses on individual semantic regions, reflecting
how artists work region-by-region to develop local details. We first segment the input into meaningful
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Figure 1: Hierarchical artistic decomposition through vectorization. Our method strives to
mirror human artistic work�ow better by analyzing images at multiple levels of detail. (a) Global
stage: Layer-by-layer vectorization captures the compositional hierarchy (H0 to H3) that artists
use to establish overall structure, progressing from broadest regions to medium-scale elements.
(b) Segment stage: Patch-based vectorization within semantic segments enables detailed region-
speci�c analysis, respecting the natural boundaries that guide artistic decision-making. This two-stage
approach computationally models how artists systematically organize visual information from abstract
composition to concrete detail.

semantic units, then apply patch-based vectorization within each segment:

Si = Segmentation(X); i = 1; 2; :::; I (2)

V (i)
S j = VectPatch(Si ); j = 1; 2; :::; J (3)

This approach ensures that our stroke generation respects the natural semantic boundaries that guide
human artistic decision-making, rather than imposing arbitrary geometric divisions.

2.2 Artistic Stroke Parameter Estimation

Traditional stroke-based methods optimize parameters to minimize pixel-wise reconstruction error,
often producing spatially incoherent results that bear little resemblance to natural painting processes.
Instead, we derive stroke parameters directly from the geometric and semantic structure of vectorized
regions, capturing the systematic approach characteristic of human artistic practice.

Stroke Construction: Following established parametric representations Liu et al. [2021], Zou et al.
[2021], Hu et al. [2024], we model each brushstroke asfx; y; w; h; �; r; g; bg where(x; y) de�nes
position,(w; h) specify dimensions,� determines orientation, and(r; g; b) encode color. However,
rather than learning these through optimization, we extract them through geometric analysis of
vectorized regions.

For each SVG region, we compute its polygon representation and derive stroke parameters through
minimum-area rotated rectangle analysis. This geometric approach naturally captures the orientation
and scale relationships that characterize coherent brushwork:

G0
Pn

= Polygon(V (0)
G j ); S i

Pn
= Polygon(V (i)

S j ) (4)

G0
B p

= ExtractParams(G0Pn
); S i

B p
= ExtractParams(SiPn

) (5)

Adaptive Region Processing: At the global stage, each polygon corresponds to a single stroke unit,
capturing the broad compositional elements. At the segment stage, we adaptively subdivide large
polygons using grid decomposition when their area exceeds a threshold� , enabling generation of
�ne-grained strokes for detailed regions while maintaining computational ef�ciency.

2.3 Process-Aware Stroke Sequencing

The temporal ordering of brushstrokes fundamentally distinguishes our approach from existing
methods. Rather than random or optimization-driven sequences, we model the systematic progression
that characterizes human artistic work�ow.
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