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Figure 1: Top row: Example painterly depictions from our dataset. We build a non-photorealistic dataset made up of 1,336,272 painterly
depictions of a large variety of objects in several colors and hand-drawn artistic styles (i.e., oil painting, watercolor, ink pen, charcoal
and soft crayon), including automatically-computed descriptions of their appearance. Bottom row: We then leverage our dataset to train a
framework based on Stable Diffusion XL that enables intuitive synthesis of novel painterly depictions described with a simple text prompt.
In contrast with other methods that require a complex input, our framework works with simple edge maps, hand-drawn sketches, or clip
arts. The example shows the input clip art and the results of the prompt: "A matte car in [red oil painting, red watercolor, red ink pen, gray
charcoal, and red soft crayon]".

Abstract
Large diffusion models have made a remarkable leap synthesizing high-quality artistic images from text descriptions. However,
these powerful pre-trained models still lack control to guide key material appearance properties, such as gloss. In this work,
we present a threefold contribution: (1) we analyze how gloss is perceived across different artistic styles (i.e., oil painting,
watercolor, ink pen, charcoal, and soft crayon); (2) we leverage our findings to create a dataset with 1,336,272 stylized images
of many different geometries in all five styles, including automatically-computed text descriptions of their appearance (e.g.,
“A glossy bunny hand painted with an orange soft crayon”); and (3) we train ControlNet to condition Stable Diffusion XL
synthesizing novel painterly depictions of new objects, using simple inputs such as edge maps, hand-drawn sketches, or clip
arts. Compared to previous approaches, our framework yields more accurate results despite the simplified input, as we show
both quantitative and qualitatively.

CCS Concepts
• Computing methodologies → Non-photorealistic rendering; Image processing; Perception;

1. Introduction

Non-photorealistic rendering (NPR) aims to create images that em-
phasize aesthetics or convey information in a more stylized or artis-
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tic manner. Since the formulation of image analogies [HJO� 01],
methods based on patch matching have been proposed to styl-
ize images of 3D models. However, these methods require the
help of additional input, such as a stylized image of a sphere
with the desired style, and several rendered maps encoding nor-
mals, direct illumination, specular highlights, and �rst and sec-
ond diffuse light bounces [FJL� 16, SJT� 19]. The advent of large
diffusion models [RBL� 21, PEL� 23, RDN� 22] has simpli�ed this
process by generating artistic images from simple text prompts.
However, these models lack control over key features like gloss,
which is the focal point of this work. Gloss is a fundamental
aspect of surface re�ectance, essential for material recognition
[CK15, MKA12, GOS� 10, SCW� 21] and key in �elds beyond
computer graphics, like experimental psychology [And11, Fle17],
or fabrication [CJP� 23, CPBD23].

Bousseau et al. [BOD� 13] analyzed how gloss is perceived
across three different computer-generated artistic styles: painterly
rendering, cartoon rendering, and Gaussian blur. The authors con-
clude that shiny materials appear more diffuse when depicted in
painterly and cartoon styles, while diffuse materials appear shinier
in cartoon styles. However, it is not clear if and how these conclu-
sions extrapolate to other hand-drawn styles beyond those three.
Recently, Zuijlen et al. [vZPW20] analyzed how humans perceive
high-level perceptual attributes (e.g., gloss, roughness, or hardness)
in paintings, concluding that material perception operates indepen-
dently of the representation medium (i.e., paintings and photos).
Close to this work, Delanoy et al. [DSMG21] yielded similar con-
clusions, �nding that perception of gloss in painterly depictions is
linked to similar visual cues than in photorealistic stimuli.

In this work, we �rst analyze how gloss is perceived across �ve
different hand-drawn artistic styles: oil painting, watercolor, ink
pen, charcoal, and soft crayon. We build a large non-photorealistic
dataset made up of 1,336,272 stylized versions of different ob-
jects including all �ve styles (Figure 1, �rst row), annotated
with automatically-computed text descriptions of their appearance
based on the �ndings of our user study. Finally, we use our non-
photorealistic dataset to train a framework based on Stable Diffu-
sion XL [PEL� 23] to synthesize novel painterly depictions with a
hand-drawn artistic appearance from three kinds of simple input
images: edge maps, hand-drawn sketches, and clip arts (Figure 1,
second row). Our results compare favorably against other state-of-
the-art models both qualitatively and quantitatively, despite requir-
ing a much simpler input.

Our dataset and model, as well as the training and evalua-
tion code, are available athttps://graphics.unizar.es/
projects/artist-inator_2025/

2. Related Work

2.1. Non-photorealistic Rendering

NPR has the potential to create artistic representations of synthetic
scenes. We provide here a brief cross-section of different NPR tech-
niques and refer to the survey of Kumar et al. [KPNM19] for a more
comprehensive review.

Over the years, many approaches have been

proposed [KK87, DS02] including styles such as
painterly [Hae90, Mei96, Lit97, Her98, HE04, ZZXZ09] or
cartoonish [WFGS07]. The work of Paul Haeberli [Hae90]
introduced the concept of style transfer, aiming to convert a photo
or rendered image into a stylized image. Following this line of
work, numerous techniques have been proposed, using procedural
techniques [BLV� 10, BKTS06], image �ltering [WKO12, LXJ12],
or composition of exemplar strokes [SWHS97, ZZ11].

Building on the patch-based formulation of image analogies
introduced by Hertzmann et al. [HJO� 01], Fischer et al. pre-
sented StyLit [FJL� 16]. This method offers an ef�cient and con-
trollable stylization of a photorealistic render of a single ob-
ject, starting from a stylized image of a lit sphere [SMGG01]
with similar materials, lighting conditions and spatial position.
It was later extended to face stylization in videos [FJS� 17]
and real time [SJT� 19]. With the emergence of deep learn-
ing, the style transfer research domain has tended towards ap-
proaches based on convolutional neural networks (CNNs). Gatys
et al. [GEB15] introduced the idea of representing image styles as
high-level features extracted from pre-trained CNNs, which paved
the way for more deep-learning-based methods for image and
video stylization [CS16, JAFF16, KLA19, CLY� 17, DTD� 21].
Close to our work, Futschik et al. [FCC� 19] generated a large
dataset of image pairs (source images and their stylized coun-
terparts) and then trained a custom variant of U-Net [RFB15],
focusing on real-time face stylization. While producing excel-
lent results, CNN-based methods lack user control, since the
style transfer process is based on learned statistics of color pat-
terns, and struggle to preserve high-frequencies and low-level de-
tails [LDX� 19, FCC� 19, DLGM22, SL23], leading to incoherent
results for the user.

With the explosion of diffusion models, the classical image
analogies formulation [HJO� 01] was extended to work with un-
aligned images and changes in higher-level semantics [vLv� 23].
However, the generative nature of diffusion models accentuates
this lack of control over the �nal image. To avoid this, Control-
Net [ZRA23, MWX� 24, LYK� 24, BBSM� 25] allows conditioning
diffusion models with additional information of the desired scene
(e.g., edge maps, depth maps or camera parameters), to generate
stylized content from a prompt. However, despite the existence of
large datasets to condition diffusion models for sketch-to-image
tasks [QZY� 23, ZRA23], the lack of data specialized in speci�c
hand-drawn artistic styles makes it dif�cult for diffusion models to
learn to simulate visual features depicted by artists when painting.
In our work, we address this by leveraging StyLit [FJL� 16] to gen-
erate a large dataset of painterly depictions from human paintings
in several hand-drawn artistic styles (i.e., oil painting, watercolor,
ink pen, charcoal, and soft crayon). We demonstrate the applicabil-
ity of our dataset by training ControlNet to condition Stable Diffu-
sion XL to synthesize paintings given a semantic condition image
(e.g., edge map, hand-drawn sketch, or clip art) of a single object.
We also show that despite resorting to simpler input, our diffusion
model obtains results that better preserve the semantics in compar-
ison with StyLit.
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Figure 2: Overview of our framework. Given an input condition
imagex (shown: an edge map) and a text promptt, our framework
synthesizes a painterly depictiony of the object. The zero convolu-
tion feature maps of ControlNet [ZRA23] are added to the residual
connections between the encoder and the decoder, of Stable Diffu-
sion XL [PEL� 23] (black arrows).

2.2. Text Description of Visual Attributes

Using natural language descriptions, it is possible to provide ad-
ditional semantic or comparative information which could not be
obtained from a simple numerical rating [FEHF09]. In the work of
Bhushan et al. [BRL97], the authors investigate the lexicon used
by humans to describe visual textures. During the experiments, they
discovered that a simple 98-word lexicon could describe up to 82%
of their experimental data. In the same line of work, Cimpoi et
al. [CMK� 14] show that a simple lexicon of 47 texture words suf-
�ces to describe natural patterns. This work was later expanded by
Wu et al. [WTM20] to include natural language descriptions. Re-
cently, Deschaintre et al. [DGVG� 23] collect and analyze a dataset
that links free-text descriptions of textiles. They identify a com-
pact lexicon of a set of attributes (e.g., color, pattern, touch, etc.)
that are relevant when describing fabrics. Close to our work, Butt
et al. [BWVCW24] condition Stable Diffusion [RBL� 21] to learn
to synthesize speci�c colors from a dataset of images of objects
with simple shapes linked with automatically generated text de-
scriptions. Inspired by this, we have collected a dataset made up of
high-quality painterly depictions in different artistic styles (i.e., ink
pen, charcoal, soft crayon, watercolor, and oil painting) linked with
automatically-computed text descriptions of their appearance.

3. Goal and Overview

ControlNet [ZRA23] has had a major impact on conditioning
large pre-trained text-to-image models, such as Stable Diffu-
sion [RBL� 21, PEL� 23]. Our goal is to synthesize a painterly de-
piction y of an object, given a condition imagex (an edge map,
a hand-drawn sketch or a clip art). The information of the desired
artistic appearance is provided in the input promptt, which en-
codes our target visual attributes: gloss level, style, and color (for
instance:“A matte light bulb in green watercolor”).

In particular, ControlNet is a U-Net [RFB15] with an encoder
and a decoder connected via skip connections. The encoder part
of the U-Net is a trainable copy of the encoder of Stable Diffu-
sion XL [PEL� 23], which is concatenated with zero convolution
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Figure 3: The �rst row shows the four photorealistic reference ren-
ders with varying gloss levels used by the artists as guides. The
numbers on the bottom right corners are the roughness values r
of the Disney's Principled BSDF [BS12, Bur15] used during ren-
dering. The subsequent rows present the corresponding paintings
created by one of the artists for each of the �ve hand-drawn artis-
tic styles featured in our dataset: oil painting, watercolor, ink pen,
charcoal, and soft crayon (from the second row onward).

layers, whose feature maps are added to the residual connections,
between the encoder and the decoder, of Stable Diffusion XL (see
Figure 2). During training, the ControlNet module learns the con-
ditional control from the semantics of the condition imagex, while
Stable Diffusion XL retains the knowledge learned from billions
of images in its current version (for further details see the original
work of Podell et al. [PEL� 23]). To train our framework, we begin
by gathering hand-painted references of �ve hand-drawn artistic
styles: oil painting, watercolor, ink pen, charcoal, and soft crayon
(Section 4). Next, we conduct a user study to analyze gloss percep-
tion across all these hand-drawn artistic styles, assessing whether
the perception of gloss in our painterly depictions aligns with that


